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I.  GENERAL INTRODUCTION 
 
A brain-computer interface (BCI) is currently defined as a hardware and software 
communication system that permits cerebral activity alone to control external devices. The 
immediate goal of BCI research is to provide communication capabilities to severely disabled 
people who are totally paralyzed or ‘locked in’ by neuromuscular disorders, such as 
amyotrophic lateral sclerosis, brain stem stroke, or spinal cord injury. The burden for the 
patient, the family, the society of paralytic consequences of motor disabled patients is 
becoming a dramatic, huge, and, costly problem. The current treatments provide survival after 
the traumatism, and the re-adaptation to a new lifestyle, mostly bedridden, that keeps the 
patient in an almost total dependency. Any kind of therapeutic approach able to decrease this 
dependency by compensating the lack of motricity has a huge impact on the psychological, 
familial, and even social conditions of the patient, and must be taken as a priority. 
Two studies provided the prevalence, and incidence of Spinal Cord Injury (SCI). The 
published data on prevalence of SCI was insufficient to consider the range of 223–755 per 
million inhabitants to be representative for a worldwide estimate. Reported incidence of SCI 
lies between 10.4 and 83 per million inhabitants per year. One-third of patients with SCI are 
reported to be tetraplegic and 50% of patients with SCI to have a complete lesion. The mean 
age of patients at is reported as 33 years old, and the sex distribution (men/women) as 3.8/1 
[1]. 
Following the growing number of severe motor disabilities as a result of neurological 
pathologies, research efforts have recently focused on the development of brain guided 
neuroprosthesis. Of these, the BCI can establish a direct communication link between the 
brain of a patient and an electronic external device (robot, computer, etc.), in order to be able 
to drive the device, using on line analysis of brain electrical activity. The BCI integrates the 
most recent advances in the knowledge of brain function and represent the hope of 
reintegration to current life of subjects with severely impaired nervous pathways through the 
restoration of paralyzed limbs or the control of robotic systems. 
The BCI aims to provide an alternative non-muscular communication bypass and control 
system for the individuals with severe motor disability to send the command to the external 
world using the measures of brain activity. During the last decades, several approaches and 
methods were developed to face the problem of brain movement related signal decoding. 





team implanted microelectrodes array in the cortex of tetraplegic patients. They demonstrated 
patient’s capacity to pilot mouse computer using an acquisition data system connected to a 
computer by a wired connexion. In 2012, John Donoghue and colleagues have demonstrated 
that people with tetraplegia can learn to use neural signals from the motor cortex to control a 
robotic arm in order to reach and grasp a glass [3]. 
But the clinical use seems difficult due to limitations of these systems: an inflammatory risk 
around electrodes implanted into the cortex, and an infectious risk at the skin opening. 
Practical applications of BCI technology are currently impeded by the limitations and 
requirements of both existing non-invasive and invasive methods [4] (see figure 1). 
 
 
Figure 1: Illustration of the different level to record brain activity [4]. 
 
·  Invasive BCIs use neural activity from multiple neurons recorded within the brain with 
electrodes implanted into the cortex. Clinical implementations are impeded mainly by the 
risks of surgical implantation of array of hundreds of intracortical electrodes and by the 
substantial stability problem of long term recordings. The inflammatory reaction induces a 
decreased signal to noise ratio. The electrophysiological signals are sometimes progressively 
hidden by noise.  
·  Non-invasive BCIs use mainly electroencephalographic activity (EEG). Despite the great 





provide communication channels of limited capacity that is not sufficient to provide control of 
the movements with multiple degrees of freedom. 
The most promising solution for human BCI seems to use electrical activity of the cortex: the 
electrocorticography (ECoG), which is less invasive than implanted microelectrodes, and 
provides better signals than EEG [5]. First results (patients piloting a joystick through 
modulation of their cortical activity) increase the hope of BCI with an array of 
microelectrodes chronically implanted at the cortex’s surface, which doesn’t exist yet. Recent 
experiments demonstrated the capacity for a tetraplegic to control a robotic arm [3 and 6]. 
A BCI program has been started at Leti-Clinatec in CEA Grenoble: it aims at conceiving, 
building, testing, a human prototype of an implantable BCI neuroprosthesis allowing a 
tetraplegic handicapped person to restore some mobility thanks to an external device driven 
by his/her brain activity. This BCI project is an interdisciplinary research combining 
disciplines such as micro-nanoelectronics, applied mathematics and informatics, basic and 
clinical neurosciences (including neurosurgery), and robotics at the same place. The overall 
goal of the present project is to develop a self-paced preclinical BCI prototype validated on 
animal in natural environment, based on ECoG signal analysis to prefigure human implant. 
The project develops an original method of data acquisition and treatment (patents [7 and 8]) 
in order to drive multiple degrees of freedom.  
The main objective of the present PhD program was to design, built and test in vivo in rodents 
a prototype of BCI (implantation of chronic cortical electrodes, recording and analysis of 
cortical signals in order to produce a motor task from brain commands) capable of 
compensating motor deficits such as in patients. The applicant has evolved inside a 
multidisciplinary team in the CLINATEC Institute, which is dedicated to the application of 
micro and nanotechnologies to neurosciences. Clinatec has capabilities in the area of 
technology (built-in prototypes), biology and animal research (allowing preclinical 
evaluation), and additional medical-surgical competences allowing concept-testing in selected 
human patients. This work was done in close contact with 3 sectors: technology (producing 
prototypes), experimental (preclinical evaluation) and medical (testing the concept in 
patients). This 3 year scholarship of a graduate student reinforced the biologist team by 
participating in the experimental phase and in the development of the biological-technological 
interface. 
The PhD work contributes to preclinical studies, performed in parallel of technical 





contributes to develop ECoG recording device for rats, to implant them in the corresponding 
animals and record their ECoG activity during freely moving behavioural experiments to 
control an external effector. The experimental work includes surgery to implant electrodes, 




II. INTRODUCTION TO NEUROSCIENCES 
 
1_Anatomical and functional basis of the brain 
   1_1) Central Nervous System (CNS) and Peripheral Nerve System (PNS) 
The central nervous system (CNS) is one of the two major divisions of the nervous system 
and the other is the peripheral nervous system (PNS) which is outside the brain and spinal 
cord. The central nervous system is composed by the spinal cord and brain as illustrated in 
figure 2.  
 
 






     1_1_a) The CNS 
             1_1_a1) The spinal cord 
The spinal cord consists of nerve fibers (in longitudinal, ascending and descending, bundles) 
and of neuronal cell bodies (grouped in a longitudinal grey matter H-shaped structure, 
centered by the ependymal canal and presenting horns: motor, anterior, emitting the axons of 
the motor nerves and sensory, posterior, receiving the axons of the sensory nerve roots). The 
fiber bundles conduct sensory information from the peripheral nervous system to the brain 
and motor information from the brain to various effectors (skeletal muscles, cardiac muscle, 
smooth muscle and glands). The spinal cord also acts as a minor coordinating center, 
responsible at each metameric level for some simple reflexes like the withdrawal reflex. 
Thirty-one pairs of spinal nerves originate in the spinal cord: 8 cervical, 12 thoracic, 5 lumbar, 
5 sacral, and 1 coccygeal. Like the brain, the spinal cord is covered by three connective-tissue 
envelopes called the meninges (see figure 3). The subarachnoidal space between the middle 
(arachnoid) and inner (pia-mater) envelopes is filled with cerebrospinal fluid (CSF) that 






Figure 3: Spinal cord and its organization 
(http://www.daviddarling.info/encyclopedia/S/spinal_cord.html). 
             1_1_a2) The brain 
The brain receives sensory input from the spinal cord as well as from its own nerves 
(olfactory and optic nerves) and devotes most of its volume (and computational power) to 
processing its various sensory inputs and initiating appropriated and coordinated motor 
outputs. The brain of all vertebrates develops from three swellings at the anterior end of the 
neural tube of the embryo. From front to back these develop into the forebrain (also known as 
the prosencephalon), the midbrain (mesencephalon) and the hindbrain (rhombencephalon). 





consists of two hemispheres, each of which is divided into lobes. Its most clearly-understood 
function is to coordinate body movements.  
Figure 4: Brain structure and cerebellum (http://www.meb.uni-
bonn.de/Cancernet/CDR0000574295.html). 
The human brain receives nerve impulses from the spinal cord (previously described) and 12 
pairs of cranial nerves. Some of the cranial nerves are "mixed", containing both sensory and 
motor axons. Others like the optic and olfactory nerves (numbers I and II) contain sensory 
axons only or in contrary the nerve III controlling eyeball muscles contains motor axons only. 
As previously explained, there are three different parts of brain: the forebrain, midbrain and 
hindbrain (see figure 4). The forebrain is made up of the cerebrum, thalamus and 
hypothalamus. The mid brain consists of the tectum (roof) and tegmentum (floor). The 
hindbrain is made up of the cerebellum, pons and medulla. The midbrain, pons and medulla 
form the brain stem.  
 
_ The cerebrum is the largest part of the brain that is located in the forebrain. The cerebrum is 
divided into two equal halves called the hemispheres and consists of four lobes. Cerebrum is 
responsible for controlling our thoughts and actions. The cerebrum has four lobes. The 
parietal lobe area of the brain is responsible for recognition, movement, orientation and 
perception of stimuli. The frontal lobe is associated with reasoning, planning, parts of speech, 





processing. And the temporal lobe is associated with the perception and recognition of 
memory, speech and auditory stimuli see figure 5. 
 
 
Figure 5: Brain areas and cerebellum (http://en.wikipedia.org/wiki/Frontal_lobe). 
The cerebral cortex is highly wrinkled. Essentially this makes the brain more efficient, by 
increase the surface area of the brain and the amount of neurons within it. 
 
_ The cerebellum (“little brain”) is a structure that is located at the back of the brain, 
underlying the occipital and temporal lobes of the cerebral cortex (see figure 4), although the 
cerebellum accounts for approximately 10% of the brain’s volume. Historically, the 
cerebellum has been considered a motor structure, because cerebellar damage leads to 
impairments in motor control and posture and because the majority of the cerebellum’s 
outputs are connected to parts of the motor system. Motor commands are not initiated in the 
cerebellum; rather, the cerebellum modifies the motor commands of the descending pathways 
to make movements more adaptive and accurate. The cerebellum is important for making 






The description of the CNS and especially of the brain can be approached with some attention 
on the functional areas identified. Two important areas (motor and sensory cortices, see figure 
5) have been identified by stimulation on dog in 1870 by Hitzig and Fritsch [9 and 10]. 
The somatosensory homunculus represents each area of the body, it is distorted from the body 
surface areas as it is proportional to the density of sensory receptors on the surface of the 
body. So it depends on the genome of the species and is modulated by environmental factors. 
The motor homunculus represents the various muscles depending on the intensity of their 
activity. It also depends on environmental factors. The importance of the cortical 
representation of body parts varies greatly from one species to another. It is correlated to the 
"lifestyle" of the animal. For example, in rodents, the whiskers are largely represented in the 
somatosensory cortex while the fingers of the legs or tail are only slightly. 
The model of the homunculus of Penfield is illustrated in the schematic representation below 
(see figure 6). 
 







     1_1_b) The PNS 
This second part of the nervous system connects the CNS to sensory organs, other organs of 
the body, muscles, blood vessels and glands. The PNS consists of sensory neurons running 
from external and internal receptors that inform the CNS and motor neurons running from the 
CNS to the muscles and glands (called effectors). The PNS is subdivided into the sensory-
somatic nervous system and the autonomic nervous system. The figure 7 described all this 
organization. 
 
Figure 7: Peripheral Nervous System and its components 
(http://alexandria.healthlibrary.ca/documents/notes/bom/unit_2/L-
03%20the%20Autonomic%20Nervous%20System.xml). 
The peripheral nerves include the 12 cranial nerves, the spinal nerves and roots, and what are 
called the autonomic nerves that are concerned specifically with the regulation of the heart 
muscle, the muscles in blood vessel walls, and glands.  
   1_2) The functional brain activity 
Electrical activity in brain tissue, compared with other signs of activity (chemical, metabolic, 
vascular), has unique values. It can be recorded with high temporal resolution and high spatial 
resolution (down to single channels) in three dimensions. This advantage over other signs of 
activity is particularly clear when multiple, closely spaced electrodes are used. Other methods 





consumption, local temperature, blood flow, positron emission tomography, magnetic 
resonance imaging, and other indicators. 
 
     1_2_a) The brain signal 
The electrical activity of the brain corresponds to the summation and coordination of the 
electrical activity of the neurons, which are the single units of the signal generated. To 
understand how to measure brain neural activity it is necessary to explain briefly the 
organization and the mechanism of action of a neuron. 
This nervous system is composed of billions of cells, the most essential being the nerve cells 
or neurons. There are estimated to be as many as 100 billion neurons in our nervous system.  
A typical neuron possesses a cell body (often called the soma), dendrites, and an axon (see 
figure 8).  Dendrites are filaments that arise from the cell body, often extending for hundreds 
of micrometers and branching multiple times, giving rise to a complex "dendritic tree". An 
axon is a special cellular filament that arises from the cell body. 
 






             1_2_a1) The neuron 
Neurons are an electrically excitable cell that processes and transmits information by 
electrical and chemical signalling. Every neuron maintains electrical potential between the 
extra- and intracellular spaces by means of generation of ion concentration difference. If this 
concentration changes significantly enough, electrochemical pulse (action potential) is 
generated. The pulse travels along the cell’s axon and through the dendrites it can activates 
other cells. In this way, information is transmitted from one neuron to others and a great 
number of connections create a neural network. 
             1_2_a2) The Action Potential (AP)  
The basal activity of a neuron is to generate AP. The AP is the all-or-none electrical impulse 
used to communicate information between neurons and from neurons to muscle fibers. The 
energy used to generate action potentials comes in the form of electrochemical gradients of 








Figure 9:  Description of an Action Potential 
(http://kvhs.nbed.nb.ca/gallant/biology/action_potential_generation.html). 
 
The rising phase of APs is caused by the auto-catalytic opening of a large number of Sodium 
selective ion channels in response to sufficiently large increases in membrane potential. The 
falling phase of the AP is caused by two factors which come to dominate the electrical 
response after a few milliseconds: the tendency of sodium channels to close shortly after they 
open and the tendency of potassium channels to open in response to depolarization.  
The axon can be compared to an electrical cable. The neuronal membrane, formed by a stable 
insulating layer of phospholipids, has a charge storage capacity, whereas the conductive 
cytoplasm of the cell can be characterised as a resistance. The membrane can regulate ion 
movements between extracellular and intracellular spaces (with several types of ion channels, 
pumps and exchangers) and plays an important role in establishing the resting electrical 
transmembrane potential. An AP is a transient and reversible change in the resting membrane 





hyperpolarising (undershoot) phase (see figure 9). Each change in transmembrane potential is 
the result of ions exchange as described in the figure above. 
     1_2_b) The different levels for recording brain activity 
The first step necessary for a BCI is to be able to record brain signals. The signals from the 
brain are generated by the neurons and can be recorded at this cellular level by implantation 
of microelectrodes deeply in the cortex. Different levels of implantation between this cellular 
level of recordings and the recordings, the most external, by non-invasive electrodes along the 
scalp (EEG) have been used with different benefits or possible disadvantages.  
BCI are always faced with the trade-off between invasiveness and robustness of signal. At the 
one extreme, EEG relies on signals from non-invasive electrodes placed directly on the scalp. 
While one and two-dimensional control has been demonstrated with EEG [11 and 12], the 
poorer accuracy and learning rates have limited its efficacy compared to other methods of 
BCI. In contrast, intracortical electrodes have been demonstrated as an effective source for a 
BCI [13 and 14]. However, these types of recordings require complicated, highly invasive 
surgeries. Additionally, the quality of these recordings tends to decay over time as electrodes 
become encapsulated by the immunologically reactive tissue. An intermediate signal 
recording modality, known as subdural electrocorticography (ECoG), has also been proposed 
as a possible signal source for a BCI. Previously, event-related potential changes of the ECoG 
signal have been used to identify the onset and timing of various motor actions on individual 
trials [15]. 
A brief overview of these different levels of brain recordings is detailed below. 
 
             1_2_b1) The ElectroEncephaloGraphy (EEG) 
On the physical level, signal measured with the EEG is caused by the electrical activity at 
pyramidal neurons in the cerebral cortex [16]. Changing of the electrical potentials in the 
extracellular space leads to appearance of currents flowing around the region of a synapse. 
Summation of the currents from millions of neurons (a typical cortical macro-column has 





















Due to potential spreading, it is possible to detect the macro-column activity up to 10 cm from 
the source. This yields to registering the same source activity on the different electrodes. For 
the reason of the tissue barrier, which is between neurons and electrodes, it is practically 
impossible to register low-energy brain activity, as well as frequencies higher than 100 Hz. 
The lower limit of the EEG spectrum is 0.1 Hz. Generally the range from 0.3 Hz to 70 Hz is 
used in practice [17]. The amplitude of EEG signals ranges generally from 20 to 100 V. 
Moreover, artifacts from eye blinks, movements and other muscle activity complicate analysis 
of the EEG data. The amplitude of the artifacts sometime significantly exceeds the amplitude 
of the signal of interest. Hence, artifact filtering must be applied to the signal before data will 
be used. 
Spectrum of the EEG is divided on several bands (see figure 11), which have special names 
[17]: Delta (): <4 Hz, Theta (): 4-7 Hz, Alpha (): 8-13 Hz, Beta (): 14-35 Hz and Gamma 
(): 35 Hz.  
The delta waves occur during deep sleep to rapid eye movement, and are sometimes correlates 
of brain damage. 
The theta waves access to a state of deep relaxation. It is a state used in hypnosis. It reflects 
the state between sleep and completeness. 
The alpha waves disappear when the eyes are open. Once eyes are closed during rest, the EEG 
shows a slowing of our brain waves. This stage close to the relaxation is a transition stage 
between wakefulness and sleep. 
The beta brain waves pass during the short periods of sleep with dreaming. This is the cycle 





The gamma waves (above 35Hz, up to 80Hz) are the only frequency group present in all part 





Figure 11: EEG spectrum (http://www.biogetic.com/research.html). 
 
             1_2_b2) The Microelectrode arrays 
Microelectrode arrays (MEA) are a technique for registering activity of small groups of 
neurons (local field potentials) or even single neuron (single-unit APs). To record signals 








Picture 1: Example of a microelectrode array [18]. 
 
Firstly arrays were implanted by C. Thomas in 1972 [19]. Electrodes diameter ranges between 
10 and 30 m. The method allows register signals with frequency up to 5000 Hz.  
The main advantage of MEA application in comparison with other approaches is its high 
spatial resolution, which gives opportunity to apply MEA for complex tasks, real-time 3D 
motion [13 and 20] and robotic arm control [21 and 22]. AP firing rate, containing motor 
information, allows estimation of subject’s intention of movement [23 and 24]. In the work of 
Hochberg [2], 96 electrodes were implanted in a human subject suffering from tetraplegia. 
             1_2_b3) The ElectroCorticoGraphy (ECoG) 
The Electrocorticography (ECoG) uses an electrode grid or strip to record the electrical 
activity of the brain’s cortex (see picture 2). 
 
                                               
 
Picture 2: Example of a ECoG electrode grid [25]. 
 
ECoG was pioneered by W. Penfield and H. Jasper in the 1950’s [26 and 27] and now is 
considerably widespread in BCI [28, 29, 30 and 31], and used in routine presurgical 
explorations for epilepsy. Like the EEG, the ECoG is based on measuring the potential 





electrodes are placed immediately on the cortex surface. Thus, electrical signals bypass the 
skull, which significantly diminishes potentials due to the low conductivity of the bone. It 
leads to increasing of spatial resolution of the ECoG in comparison with the EEG (tens of 
millimeters versus centimeters), broader frequency bandwidth (exceeded 300 Hz), and higher 
signal’s amplitude (50-100 V). In addition, the ECoG recordings are less influenced by 




Picture 3: Example of ECoG recordings in different areas 
(http://www.scielo.br/scielo.php?pid=S0004-282X2001000500012&script=sci_arttext). 
 
The electrodes arrays can be placed either on the surface of the dura mater (epidural) or under 
the dura mater (subdural). Mainly the ECoG electrodes are made from gold or platinum. They 
are attached to a flexible frame. Standard spacing between the electrodes in the frame is 1 cm; 
diameter of the electrodes is up to 5 mm. The electrodes are designed in the way to eliminate 
any injury of the brain during its movements.  
 
The quality of the signal recorded with the ECoG is good enough to be used in the BCI 
project. Frequency band and spatial resolution as well as signal-to-noise ratio surpass 
correspondent parameters of non-invasive methods. The risk of implantation is not as high as 
for the microelectrode arrays. Furthermore, since recording does not depend on a single or 
several neurons, the system provides better long-term stability than invasive methods. 
Response time and size of the system allows its utilization in the real environment in the real-
time mode. Hence, as a compromise between registered signal quality and safety, the ECoG 





   1_3) Rodents brain 
 
The CNS of rodents is also composed of the brain and the spinal cord. The cerebellum is on 
the posterior part of the brain. The organisation of the brain of rodents is similar to the human 
brain but some differences in the size of specific areas are observable. For example, the 
olfactory bulb is bigger on rodents than in humans (see figure 12) related to a functional role 
more important in rodents. Each brain of each mammalian species presents high similarities 
with the general model of brain organisation, but with the evolution some areas of the brain 
have evolved in relation with their functional importance (size increased or decreased). In 











On rodents, the same functional areas of brain have been identified than in humans (see figure 
5 for motor and sensory cortex in human). The figure 13 shows the position of the motor, the 




Figure 13:  Rodent brain with functional areas (http://www.nibb.ac.jp/brish/Gallery/cortexE.html). 
 
The human cerebral cortex is highly wrinkled. It increases the surface area of the brain and 
the amount of neurons within it. During the evolution, more species have become advanced 
and more cortex has become wrinkled, see figure 14. 
 
 
Figure 14: Comparison of brains of different species 
(http://www.nibb.ac.jp/brish/Gallery/cortexE.html) 
 
2_ BCI state of the art  
   2_1) BCI definition and history 
BCIs are being created to help the large number of people who have limited movement 





an otherwise healthy cerebral motor system from the muscles, leading to various degrees of 
paralysis, but with retention of the ability to plan and imagine making movements. These 
conditions include trauma, such as spinal cord injury, which renders ~250,000 Americans, 
~200,000 in Europe and ~2 millions people in the world with spinal cord injury; strokes, 
which interrupt descending motor pathways, with the most devastating being a pontine stroke, 
which can disconnect all descending control to produce a locked-in state; and degenerative 
disorders such as amyotrophic lateral sclerosis (ALS, or Lou Gehrig's disease), in which alpha 
motor neurons (and likely cerebral neurons) progressively die. Most available information on 
prevalence and on incidence of SCI comes from Northern America, Europe and Australia. 
These three continents made up 20% of the world population in 1999. Data on prevalence and 
incidence of SCI from Asia, Africa and Latin America are necessary to permit a global 
estimate. Prevalence rates of Stockholm study (223/million) and of Helsinki study 
(280/million) are comparable. The same goes for the prevalence rates of Australia 
(681/million) and of the USA (700–755/million) [1 and 32]. Data on Asia, Africa, South-
America, and the rest of Europe have not been found and therefore we cannot produce a 
complete worldwide SCI prevalence estimation. 
In each case, muscle control by the brain is lost, while cerebral mechanisms to generate 
movement intentions could remain relatively intact [33 and 34]. Thus, a BCI may be a mean 
to directly deliver motor commands from the brain to assistive technologies, bypassing the 
biological lesion to restore control and independence to those with paralysis. Assistive 
technologies are aids to function; they can include any device from a simple switch, a 
computer cursor, a robot, or an artificial limb. A neural command with sufficiently rich and 
stable information could be used to operate any of these devices.  
BCI also known as Brain Interface (BI), Direct Brain Interface (DBI), and Brain Machine 
Interface (BMI), is a system for translation of brain neural activity into commands for external 
devices [35]. In other words, BCI aims to provide an alternative non-muscular communication 
pathway for subjects to interact with their environment without using muscles. A common 







Figure 15: Comparison of CNS production of normal motor actions and CNS production of a BCI-
mediated action [36].  
 
The vastly oversimplified diagram on the left shows the production of normal action by the 
many CNS areas that collaborate to control spinal motoneurons and thereby activate muscles. 
The diagram on the right shows the production of a BCI-mediated action by the same CNS 
areas collaborating to control the cortical area that produces the brain signals used by the BCI 
to determine intents of action. Such a system could be developed for people suffering from 
severe motor disabilities to control wheelchairs, prostheses, etc. 
The scientific origins of BCIs go back at least to the emergence of behavioural 
neurophysiology research in the 1960s when Evarts performed his electrophysiological 
experiments from primary motor cortex (MI) of awake, behaving primates [37]. Evarts found 
that the firing rates of individual MI neurons in monkeys were strongly correlated with the 
force or torque generated by the joints during arm movements. A paper published by 
Humphrey and colleagues [38] (1970) demonstrated that the kinematic and kinetic time 
course of a monkey's single-joint wrist movement could be predicted quite accurately using a 
small population of simultaneously recorded MI neurons, further elucidating the type of 





study, by Fetz (1969) [39], demonstrated that monkeys could control the activity of single MI 
neurons using visual biofeedback and reward. Monkeys were reinforced for moving an analog 
dial with a meter arm whose position was controlled by the firing rate of a neuron being 
recorded. This experiment provided initial evidence that primates could learn feedback 
control of neural activity without intervening movements. 
However, this context has undergone radical change over the last two decades. BCI research, 
which was confined to only three groups 20 years ago and only six to eight groups 10 years 
ago, is now a flourishing field with more than 100 active research groups all over the World 
studying the topic [35]. The number of articles published regarding neural interface 
technology has increased exponentially over the past decade, see figure 16 [40]. Many 
researchers throughout the world are developing BCI systems that a few years ago were in the 
realm of science fiction. These systems use different brain signals, recording methods, and 
signal-processing algorithms. They can operate many different devices, from cursors on 




Figure 16: Brain-computer interface articles in the peer-reviewed scientific literature [40]. 
 
Successful studies on brain signal phenomena have lent further weight to these advances. The 





more sophisticated online analysis. The field of BCIs is actually quite broad and could include 
any form of connection between the brain and the outside world beyond the natural interfaces 
provided by the sensory and motor systems. The most successful neural interfaces today fall 
into the stimulation category because they are already available to humans. They include the 
cochlear implant [41 and 42] to restore audition in the hearing impaired and the deep brain 
stimulator (DBS) [43] to relieve the symptoms of Parkinson disease and dystonia. Output 
BCIs record electrical potentials from the brain to read out ongoing neural activity. Most 
commonly, this technic is used to predict cognitive intentions, motor plans, or actions of an 
organism to replace a lost connection to the outside world, but this information may also aid 
in diagnosis of disease or injury or to guide therapy. 
Several approaches and methods have been developed yet using EEG. Commercial systems 
already exist, but EEG signal quality (in terms resolution and signal to noise ratio) implies to 
use evoked potentials, which is not very convenient to pilot efficiently an effector. Many 
research teams try to improve algorithms of EEG data treatment signalling, but they accord 
that signal quality is still insufficient to be used for asynchronous BCI. The most promising 
lead for human BCI seems the use of cortex surface electrical activity (ECoG), less invasive 
than implanted microelectrodes, and giving better signals than EEG [44, 45 and 46].  
During the last decades several approaches were developed to face the problem of movement 
related signals decoding. Promising results were obtained both in animal [21, 22, 47, 48 and 
49] and in human [29 and 35] studies. 
To record neural activity systems with surface electrodes against the dura mater (epidural 
electrodes) [50 and 51] or with electrodes for EEG [52, 53 and 54] or MEA for deep brain 
recording of single units [47] or directly against the cortex (subdural electrodes) [29] have 
been used. Neural activity was analyzed using a variety of methods. The detection of event-
related patterns allows triggering the action of an effector, e.g., a cursor on a screen [52], 
motorized device [21 and 47], etc. Experiments were carried out on rodents [47], primates [21 
and 55], or in human patients [56 and 57]. Moreover, usually the duration of the experiments 
does not exceed several minutes (for instance, see [58]), the subject is being given a clue to 
start performing a task [35] and experiment conditions significantly differ from the natural 







After initial developments in EEG-based BCIs by W. Gray Walter in the 1960s [60], neural 
interface research experienced a marked resurgence in the late 1990s with a number of 
demonstrations of closed-loop control using neuronal spikes. Chapin and colleagues [47] 
demonstrated a rat's ability to control a one-dimensional feeder using multielectrodes 
recordings from sensorimotor cortex. This was followed by a number of studies [13, 14, 61, 
62, 63 and 64] showing that closed-loop control in primates is possible. That is, monkeys 
could replace actions of its hand with a command derived directly from neural populations in 
the cortex to perform actions. Importantly, the monkeys in these studies were observing the 
consequences of their control and could use that visual information to guide behaviour.  
BCI research is a relatively young multidisciplinary field integrating researchers from 
neuroscience, physiology, psychology, engineering, computer science, rehabilitation, and 
other technical and health-care disciplines. As a result, in spite of some notable advances, a 
common language has yet to emerge, and existing BCI technologies vary, which makes their 
comparison difficult and, in consequence, slows down the research. The community of BCI 
researchers has therefore stressed the need to establish a general framework for BCI design 
[65]. Mason et al. [66], for example, proposed a new functional model for BCI systems and 
taxonomy design. 
   2_2) The BCI paradigms 
Currently several control paradigms are used in the design of BCI systems. According to the 
work of Mason and Birch in 2005 [67], they can be classified as: self-paced (asynchronous) or 
















Early studies also clarify an important distinction between two forms of this neural interface 
research: (a) open-loop prediction or decoding from multisite recordings, of which the 
Humphrey study is an example [35], and (b) closed-loop control, of which the Fetz [36] study 
is one of the first examples.  
 
     2_2_a) Synchronous and asynchronous paradigm 
BCIs are limited by a low channel capacity. One of the main reasons for such a low 
bandwidth is that they are based on synchronous protocols where the brain signal recorded is 
time-locked to externally paced cues repeated every 4-10s and the response of the BCI is the 
average decision over this period [12, 53, 65, 68, 69, 70, and 71]. Such synchronous protocols 
facilitate signals analysis since the starting time of mental states are known and differences 
with respect to background activity can be amplified. Unfortunately, they are slow and BCI 
systems that use them normally recognize only 2 mental states, independently of the number 
of electrodes from which brain activities are measured. In a synchronous experimental 
protocol, the subject must follow a fixed repetitive scheme to switch from a mental task to the 
next. A trial consists of two parts. A first cue warns the subject to get ready and, after a fixed 
period of several seconds, a second cue tells the subject to undertake the desired mental task 
for a predefined time.  
On the contrary, other BCIs utilize more flexible asynchronous protocols where the subject 
makes self-paced decisions on when to stop doing a mental task and start immediately the 
next one [70, 72, 73, 74, and 75]. In such asynchronous protocols the subject can voluntarily 
change the mental task being executed at any moment without waiting for external cues. The 
time of response of an asynchronous BCI can be below 1 second. For instance, in Millán’s 
approach the system responds every 500 milliseconds (ms).  
Most reported BCI are synchronous, for instance [35]. Nevertheless, recently more and more 
groups have conducted design of self-paced BCI model [76]. Our model of BCI is a binary 
self-paced BCI system. It allows us to concentrate on the essential question of the task. In 
asynchronous paradigm, the subject is not disturbed by a cue or by the fact that it’s necessary 
to wait the cue to start the experiment. Contrary to synchronous experiments where the 





     2_2_b) Open-loop and close-loop paradigms 
In a more recent example of BCI research showing open-loop prediction, Wessberg and 
colleagues [21] demonstrated that it was possible to predict the 2D and 3D position of a 
monkey's hand in real time using neuronal ensembles from various cortical areas. This 
prediction signal was then used to move a robotic arm in a remote location, demonstrating 
that sufficient information was present in the sample of Hatsopoulos and Donoghue. This 
study is an example of open-loop prediction but not of closed-loop control because the animal 
did not receive any form of sensory feedback from the robot and thus was unaware that it was 
moving the robotic arm. In contrast, a recent study demonstrated that a monkey could control 
the 3D position of a robot's end effector as well as its 1D gripper to feed itself [77]. This 
finding is qualitatively different from the Wessberg study because the animal's goal was to 
control the robot, and not its own arm, to grab the food and bring it to its mouth. This study is 
an example of a closed-loop control BCI. 
Thus, in case of close-loop studies the subjects receive a sensory feedback and in open-loop 
experiments they don't received it, but they can observe the consequence of the action realized 
(visual feedback per example).  
   2_3) Clinical applications 
Like their preclinical counterparts, the clinical BCI must have a sensor for recording signals, a 
decoding algorithm, an effector, and some form of feedback. Here, we emphasize those 
recently tested systems that are based on intracortical signals to derive commands because 
they establish a new link between human and nonhuman primate behavioural 
neurophysiology experiments. They provide insights into human neural processes not 
available from surface field potentials, which is the other main control signal source being 
tested for BCIs [78]. Kennedy [79, 80 and 81] developed the first spike-based approach for 
BCIs using a sensor of individually implanted microwires encased in glass cones so that 
neurites would grow into the cone and establish long-lasting connections to the nervous 
system. Using few channels, humans with tetraplegia from stroke or degenerative disease 
showed that they could activate spiking or local field potentials (LFPs) from cortical neurons 
to move a cursor. 
An ongoing pilot study of the first human chronically implanted MEA-based BCI has made 
several advances in recording, decoding, and demonstrating potential use of a pilot BCI 





from a 4 × 4 mm array of 100 Si microelectrodes in a fixed 10-by-10 arrangement placed 











Picture 4: Brain Gate systems (http://www.braingate.com/videos.html). 
 
Studies to date utilizing four patients with tetraplegia have demonstrated participants’ ability 
to produce two-dimensional cursor control that can be used to operate a computer and control 
a robot arm to perform simple grip and transport actions [82 and 2]. These studies 
demonstrated that both spiking and LFPs remain in motor cortex and can be volitionally 
modulated in the absence of movement, years after spinal cord injury [2 and 82] or stroke 
[83]. Patterns of activity appear to be similar to those observed in intact monkeys when 
movement is actually performed. This demonstration, that MI displays similar activity when 
movement is imagined and performed, raises fundamental questions about the nature of neural 
activity in MI and provides a key finding necessary for any further development of spike-
based BCIs. 
Control achieved by human participants using continuous control commands derived from 
linear decoders was quite similar to that achieved with the same algorithms in preclinical 
studies using able-bodied monkeys, discussed above [13, 14, 61 and 77]. Improvements in the 
decoders showed not only the ability to make smooth point-to-point movements, but also the 
ability to stop cursor motion and select targets by clicking on the basis of decoding an 
intended hand squeeze [83]. Using this improvement, a participant in three test sessions was 
able to point and click to one of eight screen targets, never selecting the wrong target and 
rarely (<4%) failing to make correct target selections. However, to achieve this success, 
movements were slow, taking 6.4 s, on average, to move from the middle of the screen to a 





   2_4) Requirements of clinical applications 
BCI system for the real life clinical applications must meet a set of limitations, such as health 
safety, real-live conditions reliability, as well as long-term stability. The main requirements 
imposed on the system can be summarized as follows: 
_Safety (risks of surgical implantation, infection, etc.): As the system is interacting with a 
brain, the safety question has paramount value. Using of deeper brain layers for data 
acquisition be means of invasive techniques increases risks for health such as brain damage or 
infection. 
_System long-time stability: BCI system has to work during long periods of time (years). 
Over this period, the signal can change significantly due to numerous reasons, such as brain 
plasticity, electrodes degradation, etc. All these effects have to be properly treated by the 
system. 
_Real environment/real-time conditions: Real life imposes strong restrictions on the system. 
As opposed to laboratory conditions when a subject is concentrated on the task, external 
noises are minimized, and computational resources could be rather considerable, it is almost 
impossible to provide these circumstances in the real environment. Thereby, the system must 
be robust enough to guaranty functionality of BCI in presence of noise and spurious signals. 
Moreover, its response time should be sufficiently small to provide operability in the real 
time. 
_Equipment complexity and expensiveness: Mass production and practical application 
determine limitations imposed on the complexity and cost of the system. In addition, it must 
be easy for everyday use. 
As neural interface technologies are extended to control the numerous degrees of freedom 
(DOF) of the hand as well as the arm, many independent control signals should be extracted 
from a neural ensemble. The arm has seven DOF, whereas the hand has more than 20 DOF. 
Several psychophysical studies have indicated that natural grasp postures reside in a much 
smaller subspace of physically possible movements [84, 85 and 86]. Using principal 
components analysis, these studies have shown that a large proportion (>75%) of grasping 
behaviours can be accounted for with two or three principal components. With restricted 
goals, neural interface technology that currently can recover four DOF (3 spatial dimensions 






However, reach-to-grasp is only one category of neuroethological movement. Moreover, more 
encephalized vertebrates, particularly those with developed neocortex and rich cortico-spinal 
and corticomotoneuronal projections, can teach new arm and hand movements that include 
fractionated finger movements [87, 88 and 89]. The BCI paradigm may provide a unique 
opportunity to study the neuronal limits of independent control systematically. 
 
In conclusion, every element of BCI system must be optimized. The use of a specific BCI 
model is a combination of technical choices (which type of brain signal is recorded and the 
quality of the signal, applicability in the real environment...) and criteria of safety for the 
patient. 
Important technical issues must be addressed as BCIs become useful technologies for disabled 
patients. First, no multielectrode recording arrays have currently been fully verified to stably 
and reliably record action potentials from multiple single units for extended periods of time 
(over many years). Reliable chronic recording has been an area of considerable concern, 
although both cone electrodes [90] and MEA can record for many months in monkeys [91] 
and humans [83]. Ongoing testing of advanced and improved versions of these sensors will be 
required to achieve long-term viability of implants. 
A second important technical challenge for a long-term human BCI is the creation of a fully 
implantable system that can provide high-bandwidth information. A fully implantable sensor 
is necessary to eliminate cabling, which limits mobility, as well as the need for percutaneous 
connectors, which can present an ongoing infection concern. In addition, implantable systems 
have the advantage that they are hidden from view, improving the cosmetic appeal of such 
systems. Creation of high-channel count, high-bandwidth implantable systems, which are 
required for spiking signals, is complex particularly because initial signal processing must 
now be completed inside the body. Active electronics of this complexity are difficult to seal 
fully, can induce excess heat, and require power and wireless communication.  
3_Neuroplasticity  
While in the past decade research on BCIs was primarily focused on providing alternative 
communication devices, recent years have witnessed a growing interest in extending the 
application range of BCI technology [92]. Among these new research directions, the use of 
BCIs for use or induce neural plasticity and restoring function has gained particular attention 





technology. BCI technology could complement traditional rehabilitation efforts by providing 
patients with feedback on their brain states, which may be utilized to support the process of 
cortical reorganization required for functional recovery.  
   3_1) Physiologycal Neuroplasticity 
The human brain is incredibly adaptive. The mental capacity is large and the ability to process 
widely varied information and complex new experiences with relative ease can often be 
surprising. The brain’s ability to act and react in ever-changing ways is known, in the 
scientific community, as « neuroplasticity ». This special characteristic allows the brain’s 
estimated 100 billion nerve cells to constantly lay down new pathways for neural 
communication and to rearrange existing ones throughout life, thereby aiding the processes of 
learning, memory, and adaptation through experience. Without the ability to make such 
functional changes, brains would not be able to memorize a new fact or master a new skill, 
form a new memory or adjust to a new environment. 
Neuroplasticity is not a trait found in a single brain structure, nor does it consist of just one 
simple type of physical or chemical event. Rather, this ability, the plasticity, is the result of 
many different, complex processes that occur in our brains. A host of different structures and 
types of cells play some part in making neuroplasticity possible [94]. There are even different 
types of plasticity that, depending on one’s age, are more or less involved in reshaping the 
brain as it handles new information. Plasticity works throughout the brain not just in the 
normal processes of learning and adaptation (most obvious in the early developmental years, 
though continuing throughout life), but also in response to injuries or diseases that cause loss 
of mental functioning [95, 96 and 97]. 
While genetics certainly play a role in establishing the brain’s plasticity, the environment also 
exerts heavy influence in maintaining it. Environmental influence then plays the key role in 
forging a much denser, more complex network of interconnections. These smaller avenues 
and side roads, always under construction, can make the transfer of information between 
neurons more efficient and rich with situation-specific detail. This is clearly evidenced by the 
rapid increase in synaptic density that can be seen in a normally developing human. Genetics 
form a neural framework that, at birth, starts each neuron off with roughly 2,500 connections. 
By age two or three, however, sensory stimulation and environmental experience have taken 
full advantage of the brain’s plasticity; each neuron now boasts around 15,000 synapses. This 





ineffective or rarely used connections formed during the early years, when neuroplasticity is 
at its peak. 
Neuroplasticity can work in two directions; it is responsible for deleting old connections as 
frequently as it enables the creation of new ones. Through this process, called “synaptic 
pruning,” connections that are inefficient or infrequently used are allowed to fade away, while 
neurons that are highly routed with information will be preserved, strengthened, made even 
more synaptically dense. Closely tied in with the pruning process, then, is our ability to learn 
and to remember [98]. While each neuron acts independently, learning new skills may require 
large collections of neurons to be active simultaneously to process neural information; the 
more neurons activated, the better we learn. 
While the precise mechanism that allows this process to occur is still unclear, some scientists 
theorize that long-term memories are formed successfully when something called 
“reverberation” occurs [99]. When we are first exposed to something new, that information 
enters our short-term memory, which depends mostly upon chemical and electrical processes 
known as synaptic transmission to retain information, rather than deeper and more lasting 
structural changes such as those mentioned above. The electrochemical impulses of short-
term memory stimulate one neuron, which then stimulates another; the key to making 
information last, however, occurs only when the second neuron repeats the impulse back 
again to the first. This is most likely to happen when we perceive the new information as 
especially important or when a certain experience is repeated fairly often. In these cases, the 
neural “echo” is sustained long enough to kick plasticity into high gear, leading to lasting 
structural changes that hard-wire the new information into the neural pathways of our brains 
[100]. These changes result either in an alteration to an existing brain pathway, or in the 
formation of an all-new one. In this way, the new information or sensory experience is 
cemented into what seems, at its present moment, to be the most useful and efficient location 
within the massive neurocommunication network [101]. Further repetition of the same 
information or experience may lead to more modifications in the connections that house it, or 
an increase in the number of connections that can access it – again, as a result of the amazing 
plasticity of our brains. 
   3_2) Neuroplasticity associated with damages 
Neuroplasticity is the saving grace of the damaged or disabled brain; without it, lost functions 





allows the brain to rebuild the connections that, because of trauma, disease, or genetic 
misfortune, have resulted in decreased abilities. It also allows us to compensate for irreparably 
damaged or dysfunctional neural pathways by strengthening or rerouting our remaining ones. 
While these processes are likely to occur in any number of ways, scientists have identified 
four major patterns of plasticity that seem to work best in different situations. The case in 
which healthy cells surrounding an injured area of the brain change their function, even their 
shape, so as to perform the tasks and transfer the signals previously dealt with by the now-
damaged neurons at the site of injury. This process, called “functional map expansion,” 
results in changes to the amount of brain surface area dedicated to sending and receiving 
signals from some specific part of the body [102]. Brain cells can also reorganize existing 
synaptic pathways; this form of plasticity, known as a “compensatory masquerade,” allows 
already-constructed pathways that neighbour a damaged area to respond to changes in the 
body’s demands caused by lost function in some other area. Yet another neuroplastic process, 
“homologous region adoption,” allows one entire brain area to take over functions from 
another distant brain area (one not immediately neighbouring the compensatory area, as in 
functional map expansion) that has been damaged [103]. And, finally, neuroplasticity can 
occur in the form of “cross model reassignment,” which allows one type of sensory input to 
entirely replace another damaged one [104]. Cross-model reassignment allows the brain of a 
blind individual, in learning to read Braille, to rewire the sense of touch so that it replaces the 
responsibilities of vision in the brain areas linked with reading. One or several of these 
neuroplastic responses enable us to recover, sometimes with completeness, from head injury, 
brain disease, or cognitive disability. 
Current research suggests that neuroplasticity may be key to the development of many new 
and more effective treatments for brain damage, whether resulting from traumatic injury, 
stroke, age-related cognitive decline, or any number of degenerative diseases (Alzheimer’s, 
Parkinson’s, and cerebral disease, among many others) [105]. Plasticity also offers hope to 
people suffering from cognitive disabilities such as dyslexia, and Down syndrome; it may 
possibly lead to breakthroughs in the treatment of depression, anorexia, and other behavioural 
and emotional disorders as well. Whether currently in use or only the product of futuristic 
hopes, the theory upon which harnessing the brain’s plasticity is based is a relatively simple 
one. With “directed neuroplasticity,” scientists and clinicians can deliver calculated sequences 





changes in the brain. As further research reveals the best ways to create and direct these 
stimuli, the amazing potential of the brain’s plasticity can begin to be taken advantage of in 
medicine, mental health, and a wealth of as-yet-uncharted territory in human behaviour and 
consciousness. Thus, increasing our understanding of neuroplasticity holds great promise  
through its complex workings skills lost can be relearned; the decline of abilities can be 
staved off, even reversed; and entirely new functions can even, perhaps, be gained. 
At the present time, there remain many questions about how to best optimize an ECoG brain-
computer interface. Specifically, it is still uncertain what frequency bands and power 
spectrum estimation algorithms are best suited for control. Choosing optimal control 
parameters is complicated by the cortical changes that occur once brain signals are directly 
used for a closed-loop BCI.  
   3_3) Importance of the feedback to induce efficient brain plasticity 
When speaking of the induction of neural plasticity, it is important to be aware that neural 
plasticity may refer to a multitude of different processes of reorganization within the brain, 
each of which affects the way information is processed and may ultimately result in 
behavioural changes [106]. When investigating neural plasticity, it is thus crucial to precisely 
define what kind of metric is being used to measure experimental outcomes, e.g., whether 
changes are measured on a neuro-physiological or behavioural level. The induction of neural 
plasticity would correspond to the process by which lasting changes leading to desirable 
behavioural outcomes are caused by feedback of neural states. We consider any signal that is 
derived from recordings of the neural activity as a representation of a neural state. A BCI 
represents a system that provides a signal to its user that is a deterministic function of brain 
activity. According to this definition, any BCI constitutes a neuro-feedback system that may 
possess the capability of inducing neural plasticity. These considerations naturally lead to the 
question why neuro-feedback procedures may affect behaviour, the neural basis for inducing 
plasticity by means of BCI technology. This certainly constitutes a complex process, and may 
vary substantially across patient groups and experimental paradigms. One common concept 
crucial for the induction of neural plasticity may be that of Hebbian plasticity: coincident 
activation of pre-synaptic and post-synaptic neurons reinforces synaptic strength, resulting in 
increased and more reliable communication between the activated neurons. The potential 
relevance of this concept for changes in behaviour can be illustrated particularly well in the 





muscles and the sensorimotor cortex has been disrupted due to a sub-cortical stroke, a 
coincident activation of sensory feedback loops and primary motor cortex may reinforce 
previously dormant cortical connections by Hebbian plasticity and thus support functional 
recovery. Here, BCI technology may be used to detect primary motor cortex activation, 
movement intent, and provide matching sensory stimulation according to some haptic 
feedback procedures. 
     3_3_a) Feedback accuracy 
It appears to be generally acknowledged that task learning requires accurate feedback. This 
also holds in the domain of BCIs, with recent evidence suggesting that subjects perform worse 
if they receive inaccurate feedback on their neural states [108]. While the relation of feedback 
accuracy and the induction of neural plasticity remain unexplored, it appears sensible to 
assume that a high degree of feedback accuracy, i.e. a low classification error, is crucial for 
inducing neural plasticity by means of BCI technology. 
Accordingly, a BCI for communication as well as a BCI for rehabilitation aims for high 
classification accuracies. There is one potentially crucial difference, though, in which the 
latter may differ from the former. While only the objective classification accuracy is relevant 
for communication purposes, in a rehabilitation setting the subjectively perceived 
classification accuracy may have an impact on the induction of neural plasticity and thus on 
subsequent behavioural changes. While the objective and subjective feedback accuracy can be 
expected to be highly correlated, careful design of feedback procedures may have a beneficial 
impact on the perceived feedback accuracy for identical classification errors. Unfortunately, 
an investigation of the impact of the perceived feedback accuracy on the extent of behavioural 
changes in neurofeedback paradigms remains outstanding. 
     3_3_b) Feedback delay 
If neural plasticity relies on Hebbian type learning rules, then the delay between the 
measurement of a neural state and the subsequent feedback of this state to the subject is of 
crucial importance. Any feedback that does not fulfill the requirement of coincident activation 
of the targeted brain regions is unlikely to result in long-term behavioural changes. This issue 
may be one cause of the so far only moderate success of utilizing BCI technology for stroke 
rehabilitation [109], as in these studies haptic feedback was not synchronized with movement 
intent. The maximum feedback delay that still induces coincident activation in the sense of 





     3_3_c) Choice of neural states for feedback 
The choice of the signal modality (e.g., single cell recordings, fMRI, EEG, ECoG, or MEG), 
the brain areas from which signals are recorded, and the signal characteristics are utilized for 
providing feedback. In general, the choice of the neural states used for feedback may be 
driven by prior knowledge of desirable brain states, or it may be outcome driven. Certain 
target areas and signal characteristics may be identified in advance, and BCI technology may 
be designed to utilize these features only [110 and 111]. The drawback of this approach would 
be that the chosen brain areas and signal characteristics may not be optimal for providing 
accurate feedback. The outcome-driven determination of neural states, on the other hand, 
would aim to identify those brain states that are optimal for providing accurate feedback, at 
the probable expense of employing neural signals unsuitable for inducing beneficial changes 
in behaviour. For example, hemiparetic stroke patients who are being trained with a BCI 
based on motor imagery may learn to control the BCI by motor imagery involving ipsilesional 
cortical areas [112].  
Furthermore, the type of feedback modality is likely to affect the perceived level of control 
over the BCI system as well as the feedback delay, both of which may influence the induction 
of neural plasticity [113]. It is at present unclear whether such factors can be optimized 
congruently. In general, the optimal design of BCI systems for inducing neural plasticity and 




III. MATERIALS & METHODS 
1_Animals 
All experiments are performed on female rats OFA (Oncins France strain A Charles River 
laboratories, Lyon France) weighting 250-300g. The rats are allowed to recover from surgery 
for a week. They have free access to food (SDS, Essex UK) and water; they are housed in 
GLP cages stored in an air conditioned closet (9ARMV2124LR, Techniplast France,) with 
temperature, light cycle and humidity control (12/12hours day night cycles; 25°C).   
Ethical approval for all experimental procedures was obtained from ComEth (IRB of the 





Science Associations), in accordance with the European Communities Council Directive of 
1986 (86/609/EEC) for care of laboratory animals.  
 
2_Surgery protocol 
Animals are anesthesied with chloral hydrate 4% (1ml/100g intraperitoneal) and placed on 
stereotaxic apparatus (David Kopf® Instruments, Tujunga, CA USA). An incision is realized 
on the top of the head, the muscles attached on the temporal face are separated to liberate the 
bone. 17 titanium self-tapering screw electrodes (3.6mm long, reference MXM: MP2997), 
including 3 references, were implanted into the bone through miniplates connected by a wire 
to a multipin SUBD connector (D micro pin 15Pts, Radiospare). Definite placements are 
referred to skull landmarks, (lambdatic and bregmatic sutures). The connector and all leads 
are included in a polymer (Methyl metacrylate polymer METHAX Generique International 
Laboratories). The screws allow ECoG recordings. To finish the skin is sutured around the 
connector. 
The distribution of several electrodes permitted to record cerebral signals from different 

















  3 references electrodes 










Preliminary ECoG have been recorded on rodents placed in behavioural box (see picture 5). A 
Micromed® system (Micromed SD32, Micromed Italy, see picture 6) was used for ECoG 
recording. 
The animal is trained to push on a lever to receive a reward (see picture 5). During training 
session, ECoG signals are recorded such as the indication of the push on the lever. 
             
                           
 












4_Experimental set-up validation 
Several tests are done before starting experiments, to check that no problems are present in 
the acquisition chain and system or on implanted electrodes. 
The first test is to measure the noise of the electronic chain, at the end of the acquisition chain 
Where normally the head of the animal is connected, a mass is connected to all channels to 
estimate the noise generated only by the electronics elements (cables, amplifier, acquisition 
system etc. etc.). The noise is expressed in Root Mean Square (RMS), which is a standard and 
known unit in electronic studies. A second test done is to inject a current in all channels in 
order to check the current measured by the acquisition system and check that the current 
injected (1mV at 5 Hz by Tecktronic generator pulse) is measured correctly. 
A last indicator permitted to check the state of the electrode just before starting experiments. 
The impedance is used to identify electrode disconnected or short circuited. The Micromed 
system is used to measure the impedance. The impedance is an indicator of the conductivity 
of the electrode and a value of 0 corresponds to short-circuit, and at the opposite a value too 
high indicate that the electrode is disconnected and record anything. 
 
5_Visual Evoked Potential (VEP) and Sensitive Evoked Potential (SEP) 
experiments 
 
Micromed system permits to done VEP (Micromed Flash 10S) and SEP (Energy light).  
For VEP, luminous stimuli are applied in the behavioural box in front of the rodent with these 
parameters: 1Hz, 230mJ, 100 trials.  
 
Concerning the SEP: Electrical stimulation is applied, bipolar electrodes planted in the hind 
paw to stimulate median nerve (1Hz, 5 volts and 200 microseconds pulse width, 300 trials). 
The brain activity in response of this electrical stimulus is known accurately (Micromed 
































Figure 19: schematic representation of the experimental procedure. 
 
The figure 19 illustrates the experimental protocol and represents schematically the different 
steps. Rats are previously acclimated to behavioural box (ABETT box, Lafayette Instruments, 
see picture 7) equipped with a lever triggering a food dispenser. The duration of this 
preliminary step is around 15 days (accommodation see figure 19). This can be initially a free 
running experiment to accustom the animal to this simple way to get a reward. ECoG brain 
activities are recorded during behavioural studies. Ten rats have been trained to realize this 
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Picture 7: Behavioural box (ABETT). 
 
The animals are ready to begin an experimental protocol when the number of pushes is around 
1 per minute. The total time for one rat to be conditioned is around one month. These 
experiments are asynchronous (no cue). 
A rodent, which presses the lever more than 1 time per minute, begin the training phase which 
consists on recordings brain activities during the behavioural experiments (push lever). These 
recordings are analyzed with mathematical treatment to identify specific brain signals 
correlated with the intention to press the lever. These specific brain signals are called 
signature. 
Until Wavelets Correlation reaches about 0.3 (or more), the step for identify/calibrate the 
specific brain activity of the behavioural task can begin. If not (correlation less than 0.3), the 
animals stay longer in this step of training. 
Once the calibration has been done, the close-loop experiments can be started. As described in 





The first correspond to the delivery of pellets directly by the detection of the signature 
calibrated just before. The food dispenser is triggered in real-time only by detection (left panel 
on figure 19). 
A second behavioural task for close-loop experiment is the delivery of rewards by the 
combination of signature’s detection followed by a lever push (right panel on figure 19). Both 
criteria must be presents. 
These close-loop experiments will be analyzed with parameters defined in paragraph 9 below 
(“Evaluation of self-paced BCI performance”) to know the quality of our BCI model. 
A last step of close-loop experiments is indicated on the figure 19, it’s the neuroplasticity 
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The behavioural task implicated here is the delivery of pellet by the combination of the 
detection of the signature and the validation by the rat in pressing the lever. The important 
modification is the use of different signatures. These signatures are identified in different 
areas of the brain corresponding to the signal recorded on different electrodes during training 
experiments (see figure 20). 
Another aim of this study is to try to detect a signature in another area where this signature 
has been identified/calibrated. For example, the signature calibrated on the Electrode 15 
(which serves to detect the signature in behavioural close-loop experiments done, see figure 
19) is used in neuroplasticity close-loop experiments but this signature is detected in real time 
on another electrode (in a first time by electrode 11, then by the 10). 
7_Data treatment 
 
BCI signal processing consists in a) off-line data analyses and b) real-time signal processing 
during the self-paced BCI experiments.  In both cases of online and offline analyses signals 
were down sampled to 1.3kHz and band-pass filtered in the range 10Hz - 300Hz. Common 
Average Reference (CAR) procedure (i.e., signal averaged among all the electrodes was 
subtracted) allows eliminating a “common source” and improve signal-to-noise ratio. Then 
Continuous Wavelet Transform (CWT) with 2Hz frequency bins is applied for time-frequency 
analysis.  
ECoG activity and lever push are recorded all along the experimental sessions and are 
processed off-line: 
-to calculate time shifted cross correlation of ECoG recordings followed CWT and 
lever pushes for each electrode. The best electrode is used as predictor provider. 
-to identify specific predictor for each animal with training data set. The features 
corresponding to significant changes in ECoG signal are recognized by calibration algorithm 
as lever push related and automatically extracted. 
-to validate the predictor with new recordings. Off-line simulation of BCI 
experiments, playing back the recordings with predictor detection, allows counting correct 
and false detections and estimating the performance of predictor. 
During all experimental sessions, the ECoG activity on each 14 active electrodes is cross-
correlated to the lever push to detect the electrode on which the best correlation is occurring. 





performed by the calibration procedure.  
BCI system calibration, i.e., an adjustment of the internal system parameters to an individual 
brain, is achieved using the training data set collected during behavioural experiments at the 
beginning of the series for a given animal. It consists in extracting from the ECoG recording 
the features related to BCI events, identification of predictive model for lever pushing 
depending on ECoG features and determining of the decision rule to produce control 
commands (reward delivery) during the real time BCI experiments.  
The experiments provided recordings of brain activity in different cortical areas. To analyze 
the recordings, mathematical algorithms have been used. The principle of the algorithms is to 
research modifications in the electrical signals related to the action realized by the animal in 
pushing the lever to obtain a reward. The offline ECoG data processing provides the 
correlation coefficient between the two events (lever push and ECoG) for all electrodes. This 
analysis of brain recordings permitted to identify a cerebral signal in correlation with the 
push. This signal is called « signature ».  
8_Evaluation of self-paced BCI performance 
Binary BCIs classifies incoming data epochs on two types, based on presence or absence of 
some specific activity (for instance, behaviour activity). Every entering recording epoch is 
classified as “event” or “non-event”. 
Another important characteristic of BCI performance, which should be taking into account, is 
decision rate, i.e., amount of decisions produced per a unit of time. It could be identical to the 
sampling rate of the input signal [28] or decimated to some extend [11]. It is clear that the 
more is decision rate the more absolute amount of errors could be made. Thus, it should be 
taken into account. 
Following characteristics are used for evaluation of produced classification (see figure 21): 





























Figure 21: schematic representation of the parameters used to evaluate our BCI model. 
 
           _True Positive (TP), which is equal to amount of correctly detected “events”; 
           _True Negative (TN), which is equal to amount of correctly detected “non-events”; 
           _False Positive (FP), which corresponds to amount of non-event situations detected as 
“events”; 
           _False Negative (FN), which is missed “events” amount. 
 
On the basis of these values, several more complicated characteristics for system evaluation 
could be involved. Among the most frequently used are [28, 114 and 115]: 
           _True Positive Rate (TPR): TPR = TP/(TP + FN) 
           _False Positive rate: FPR = FP/(TP + FP) 
           _Positive Predictive Value (Precision): PPV = TP/ (TP + FP) = 1 - FPR 
           _False Negative per minute: FP/min 
actual states 
systems decisions 
TP TP FP FN 
classification error 




Event detection TP (correct detection) FP (false activation) 





In all studies realized, two parameters for evaluation of the BCI model are used, TPR and 
PPV. In addition, their average permitted the evaluation of the overall performance (OP) of 
BCI: 
                  OP = (TPR + PPV) / 2 
9_ Statistical significance and expected random detection 
To analyze the statistical significance of the TP detection rate, the results were compared to 
random detection. The level of random TP detection was estimated for each recording. To this 
purpose Events and Detections were considered as random and independent (yes/no) with 
frequencies calculated for each recording.  
Mean value of random TP is estimated taking into account that Detection is considered as TP 
if it occurs during ±1.5 sec time interval before/after Event. Corresponding confidence 
intervals are calculated from the binomial distribution (Binomial distribution describes series 
of Bernoulli trials). In this study the confidence level was set at 0.95. 
 
10_Statistical analyses 
Some statistical tests have been done to check the specificity of several results (correlation 
values for example). The Anova (ANalys Of VAriance) has been used.  
 
11_Histological procedure 
The behavioural experiments duration is around 8 months after implantation on animals aged 
of 8 months, the end of protocols is caused by old age.   
Animals are euthanized by an overdose of chloral hydrate 4%, exsanguinated during 15 
minutes with a flow of 16ml/minute and perfused with Paraformaldehyde (PFA) 4% during 
15 minutes with the same flow. The head of the rats are placed in PFA 4% during 24h. The 
brain is dissected and placed in PBS with 30% sucrose during 24-48h and placed at -80°C. 
The brain is cut in slices of 30µm thick for immuno-stainings: cresyl violet and hematoxylin. 
The cresyl violet solution:  
Acetate cresyl violet 0.5g (Sigma C5042), Acetate of sodium 0.1025g (Sigma S2889), Acetic 
acid 1.5ml (Sigma 242853) and complete with H2O until 500ml. Shake during 5 hours and 
adjust pH to 3.5.  





The brains slices are put in cresyl violet during 5 minutes at room temperature and washed in 
2 consecutives bath of H2O. To finish the slices are immerged in a bath of ethanol 70% during 




1_Implantation and functional localization of electrodes 
As described in Materials and Methods, seventeen screws are implanted thought the bone to 
record ECoG signals, including 3 reference electrodes (Figures 18, 22A and 22B). The 
functional localization of the electrodes (Figure 22B) was achieved by comparison with atlas 










Figure 22: Implantation of electrodes. 
A: Distribution of electrodes on the skull. B: from back to front, the electrodes are situated over the 
cerebellar cortex  (behind Lamba, 8 and 15), the cerebral occipital cortex (visual  area, 6 and 13), the 
postrolandic or postcentral cortex (4 and 12), then the prerolandic or  precentral cortex (3 and 10), and 
the prefrontal cortex (2 and 9). 4 additional electrodes  are temporal, left and right: 5 and 12 temporal 
anterior, 7 and 14 temporal posterior. C: Anatomical distribution of the electrodes as compared to atlas 
structures (L. Swanson  plates) shown as coronal sections (above) and on a sagittal view of the brain 

























Figure 23: Visual Evoked Potential obtained by Flash light stimulation (1Hz, 100 flashes) A: average 
of 100 VEPs, B: Topoplot representation of the temporo-spatial distribution of VEP. 

Visual occipital cortex electrodes (6 and 13) exhibit maximal amplitude potential evoked by 
flash light stimulation at 1Hz, obtained by ECoG signal averaging, with a first positive 
deflection P1 with a latency of 56.6 msec and and a negative potential N1 with a latency of 














Table 1: Latencies of P1 and N1 of VEPs in the different animals. 

The average values obtained in the different animals are shown in table 1 and the average P1 
occurs at 33,11 ms and the N1 at 55,5 ms. 
  P1 latency (ms) N1 latency (ms) 
Rat 1 (n=10) 36,67 60,67 
Rat 2 (n=10) 37,33 56,67 
Rat 3 (n=10) 34,00 56,33 
Rat 4 (n=10) 30,00 52,67 
Rat 5 (n=10) 32,00 54,33 
Rat 6 (n=10) 28,67 52,33 






The largest SEP (about P1 at 19msec and N1 at 39msec) are also mostly visible on electrodes 








Figure 24: Somatosensory Evoked Potential obtained by electrical stimulation. 
A: average of 300 SEPs. B: Topoplot representation of the temporo-spatial distribution of SEP. 
 
 
The average values obtained in the different animals are shown in table 2. 
 
 
  P1 latency (ms) N1 latency (ms) 
Average (6 animals, 30 experiments) 12,92±2,29 49,5±3,11 
 
Table 2: latencies of P1 and N1 of SEPs. 
 
Co-localization of the visual and sensory responses is observed (see topoplots Figure 23B and 
24B) corresponding to electrodes 6 and 13. 
 
2_Brain Computer Interface experiments 
   2_1) Validation acquisition chain 
All the channels are connected to the mass and noise level is measured with the RMS 
indicator. The results show about 1,6µV RMS (corresponding to an amplitude around 10µV) 





   2_2) Training experiments 
     2_2_a) Protocol 
Basically rodents stay in a behavioural box and are trained to push on a lever to deliver a 









Figure 25: schematic representation of the phase of training. Within the experimental set-up, the rat 
presses a lever which delivers a square pulse activating the reward dispenser which delivers a food 
pellet. 
     2_2_b) Results 
The number of pushes (NP) increases along time (see figure 26) and consistently starting 
about 1 push per minute which is a necessary parameter to start the training behavioural 
experiments (see figure 15).  
 
         
 
Figure 26: Evolution of pushes number along time (n=4 animals, 38 experiments for each). 
 
The cross-correlation function between the lever push events and the ECoG activity preceding 










Figure 27: Histograms of the mean correlations values obtained by analysis of ECoG signals with 




The average of the maximal correlation is 0,3 ± 0,08 as shown in table 3 with the detailed 





































Table 3: Values of best correlation (E15) for all animals in table 3. 
          
The results in table 3 show differences between animals. The best correlations obtained are 
with the rat 1 and 9 with 0.41±0.11 and 0.4±0.11 respectively (41 and 56 experiments 
analyzed) and the smallest value is observed with rats 4 and 6 with 0.21±0.04 and 0.22±0.05 
respectively (32 and 32 experiments analyzed). The correlation for the rats 2, 3, 5, 7, 8 and 10 
are respectively 0.32±0.09, 0.29±0.06, 0.24±0.05, 0.27±0.07, 0.34±0.15 and 0.28±0.1. 








Rat 1 (n=41) 0.41±0.11 
Rat 2 (n=63) 0.32±0.09 
Rat 3 (n=32) 0.29±0.06 
Rat 4 (n=32) 0.21±0.04 
Rat 5 (n=32) 0.24±0.05 
Rat 6 (n=32) 0.22±0.05 
Rat 7 (n=25) 0.27±0.07 
Rat 8 (n=38) 0.34±0.15 
Rat 9 (n=56) 0.4±0.11 
Rat 10 (n=25) 0.28±0.1 











Figure 28: Example of spatial distribution of the correlation values along time in one experiment. 
 
This topoplot (figure 28) shows the evolution of the correlation on all electrodes recording, 
the value of correlation is indicated by a color code (maximal values in red) and the time by a 
scale below (in ms). The time 0 correspond to a lever push. Electrodes 8 and 15 show the 
















Table 4: Values of frequency and time for the best correlation (E15) for all animals. 
 
The results showed that wavelets correlation is maximal around 572 ± 207 ms before the lever 
push, in a frequency band of 177 ± 36 Hz (n=10 animals and 376 experiments in total, see 
table 4 for all results).  
 Time mean 
 (ms before lever) 
Frequency  
mean (Hz) 
Rat 1 (n=16) 566±307 244±61 
Rat 2 (n=16) 115±125 147±39 
Rat 3 (n=16) 768±327 198±89 
Rat 4 (n=16) 568±242 153±76 
Rat 5 (n=12) 637±271 168±80 
Rat 6 (n=28) 591±252 158±78 
Rat 7 (n=28) 929±497 169±73 
Rat 8 (n=28) 482±411 178±97 
Rat 9 (n=28) 367±204 210±92 
Rat 10 (n=28) 700±456 144±63 
Average, SEM 572±207  177±36 
  
Wavelets Correlation 





There are inter-animals variations, one animal (rat 2) shows shorter time between correlation 
and lever push : 115±125 ms and another animal (rat 7) presents longer time: 929±497 ms. 
Concerning the frequency band of interest, there are less differences between animals. The 
high frequencies are concerned for the 10 rats (177 ± 36 Hz). 
 
For each animal, the training experiments and the correlation analyses permit us to identify a 
brain activity correlated with the intention to press the lever to obtain pellets and maximal on 
E15. 
   2_3) Identification and calibration of a signature 
     2_3_a) Protocol 
Wavelets analysis has been developed by the signal processing team to analyze the signals 
ECoG. The algorithm is based on a multimodal approach. It consists in simultaneous analysis 
of temporal, frequency and spatial dynamics of the signal represented by its continuous 
wavelet or spectrum decomposition. Then, signal data are mapped to a 4th order tensor. To 
build a linear model for event classification, Iterative modification of the Multi Way Partial 
Least Squares Regression is applied to the obtained tensor. 
     2_3_b) Results  
This treatment has been used to identify brain signals correlated with lever push intention, 
called signature which served in behavioural experiments. Only one electrode has been used 
to detect the signature. The electrode 15 has been chosen because the maximal correlation 
value in training experiments have been obtained on this electrode (se figure 27 and table 3). 
Signature can be represented by several influence factors [116].  
Some signatures have been identified for each rodent (n=10) and the mean factors with the 









Figure 29: Means Factors of signatures identified in 10 animals and standard deviation (dotted). 
A: Frequency factor; B: Temporal factor 
 
The principal frequency band of interest of these signatures is between 50Hz to 300Hz and all 
signatures occur about 400ms preceding the lever push corresponding to point zero. For each 
animal an optimal signature has been identified and is stable along the time. 
However the signatures are different between animals but have important similarities 
(bandwidth of interest, time delay), as we can see in figure 29. 
   2_4) Use of the signature calibrated in off-line analysis 
     2_4_a) Protocol 
To estimate the quality and specificity of signatures, the previous ECoG recordings of training 
experiments are analyzed with several efficiency parameters as described in Materials & 
Methods. 
     2_4_b) results 
 
In a first time, these off-line analyses permitted to choose the best signature for each animal 
and the results are presented in table 5 for one animal. The same experiments are treated in 
offline analysis but with signatures calibrated at different time (different experiments are used 









Table 5: Table represents datas for one animal (rat 9) for off-line analysis of experiments with 
different signatures.  For each signature, the same 20 experiments have been analyzed. 
 
For the rat 9, four different signatures have been calibrated and 20 experiments have been 
analyzed (off-line).The efficiencies of these different signatures, for the same animal, show 
important variations on the parameters observed. The number of push per minute is 2,54±1,56 
and is the same for the four signatures because the same 20 experiments have been analyzed. 
For this animal, the signature 1 shows 55,46±9,07 of TPR,  3,31±1,93 FP/min, a PPV of 
31,13±18,04 and a OP of 43,29±12,81. 
The signature 2 shows 54,72±9,69 of TPR,  2,93±1,86 FP/min, a PPV of 32,22±14,8 and a OP 
of 43,47±10,8. 
The signature 3 shows 57,68±8,31of TPR,  2,9±1,33 FP/min, a PPV of 32,04±13,5 and a OP 
of 44,86±10,45. 
The signature 4 is the better signature and shows a TPR of 64,28±7,96, which is higher than 
the previous results obtained with first three signatures. This TPR is associated with 
2,22±0,99 FP/min, which is the lower obtained with the four signatures. The PPV is 
41,92±14,43, which correspond also at the best PPV of the 4 analysis. The OP is 53,1±10,37. 
The results for these four signatures show that 2 signatures give lower TPR associated with 
higher FP/min. These two signatures (called 1 and 2 in the table) are evaluated less efficient 
than the others. The quality of the signature is dependent of both criteria: high TPR and low 
FP/min. This combination is necessary for a good performance of our BCI. A high TPR 
associated with a high number of FP/min could be unsatisfactory for clinical applications (in 
our example the signature 3). 
 TPR (%) FP/min FPR(%) PPV(%) OP(%) Push/minute 
Signature 1 55,46±9,07 3,31±1,93 2,83±1,68 31,13±18,04 43,29±12,81 2,54±1,56 
Signature 2 54,72±9,69 2,93±1,86 2,5±1,61 32,22±14,8 43,47±10,8 2,54±1,56 
Signature 3 57,68±8,31 2,9±1,33 2,47±1,15 32,04±13,5 44,86±10,45 2,54±1,56 






The signature 4 presents the best results in all parameters observed and it will be used in 
future BCI experiments.  
 
In a second time, after having identified the optimal signature for each animal, this optimal 
signature is used to analyze all the experiments, 10 animals with 10 optimal signatures (each 
animal has its own signature). All the results are presented in table 6.  
 
 
  TPR (%) FP/min FPR(%) PPV(%) OP(%) Push/minute 
Rat1 (n=16) 67,99±11,64 2,44±0,67 2,10±0,6 47,20±6,87 57,60±7,38 3,39±1,43 
Rat2 (n=16) 68,95±4,64 2,36±0,65 2,03±0,57 48,98±5,81 58,96±4,27 3,31±1,01 
Rat3 (n=16) 65,23±5,39 2,42±0,78 2,07±0,68 41,83±7,32 53,53±4,93 2,76±1,2 
Rat4 (n=16) 64,19±4,8 2,23±0,79 1,90±0,7 40,77±8,35 52,48±5,42 2,56±1,35 
Rat5 (n=12) 77,95±12,40 0,83±0,35 0,72±0,31 78,93±10,3 78,44±11,27 4,54±1,95 
Rat6 (n=29) 64,44±19,86 1,79±0,78 1,53±0,68 47,37±17,5 55,90±17,73 2,92±1,73 
Rat7 (n=27) 69,04±7,76 2,53±0,98 2,19±0,83 54,12±15,85 61,58±10,81 4,47±1,68 
Rat8 (n=22) 63,79±5,77 2,39±0,79 2,08±0,79 51,16±17,51 57,47±10,38 4,53±2,62 
Rat9 (n=35) 67,98±8,09 2,17±0,97 1,86±0,82 50,42±20,44 59,2±12,52 3,52±2,08 
Rat10 (n=17) 68,66±9,87 2,5±1,24 2,16±1,04 51,94±23,63 60,3±15,15 4,11±2,17 
Average (n=206) 67,82±4,13 2,17±0,52 1,86±0,44 51,27±10,6 59,55±7,22 3,61±0,76 
 
Table 6: Table represents datas for each animal for off-line analysis of experiments. 
 
The rat1 shows a TPR of 67,99±11,64 associated with a FP/min of 2,44±0,67 and a PPV of 
47,20±6,87. The OP for this animal is 57,60±7,38 and the push per minute is 3,39±1,43. 
The rat2 shows a TPR of 68,95±4,64 associated with a FP/min of 2,36±0,65 and a PPV of 
48,98±5,81. The OP for this animal is 58,96±4,27 and the push per minute is 3,31±1,01. 
The rat3 shows a TPR of 65,23±5,39 associated with a FP/min of 2,42±0,78 and a PPV of 
41,83±7,32. The OP for this animal is 53,53±4,93 and the push per minute is 2,76±1,2. 
The rat4 shows a TPR of 64,19±4,8 associated with a FP/min of 2,23±0,79 and a PPV of 





The rat5 shows a TPR of 77,95±12,40 associated with a FP/min of 0,83±0,35 and a PPV of 
78,93±10,3. The OP for this animal is 78,44±11,27 and the push per minute is 4,54±1,95. This 
animal presents the best results for all parameters. 
The rat6 shows a TPR of 64,44±19,86 associated with a FP/min of 1,79±0,78 and a PPV of 
47,37±17,5. The OP for this animal is 55,90±17,73 and the push per minute is 2,92±1,73. 
The rat7 shows a TPR of 69,04±7,76 associated with a FP/min of 2,53±0,98 and a PPV of 
54,12±15,85. The OP for this animal is 61,58±10,81 and the push per minute is 4,47±1,68. 
The rat8 shows a TPR of 63,79±5,77 associated with a FP/min of 2,39±0,79 and a PPV of 
51,16±17,51. The OP for this animal is 57,47±10,38 and the push per minute is 4,53±2,62. 
The rat9 shows a TPR of 67,98±8,09 associated with a FP/min of 2,17±0,97 and a PPV of 
50,42±20,44. The OP for this animal is 59,2±12,52 and the push per minute is 3,52±2,08. 
The rat10 shows a TPR of 68,66±9,87 associated with a FP/min of 2,5±1,24 and a PPV of 
51,94±23,63. The OP for this animal is 60,3±15,15 and the push per minute is 4,11±2,17. 
 
The average percentage of TPR is 67,82±4,13 with 2,17±0,52 FP/min and a PPV of 
51,27±10,6. The OP average for all animals is 59,55±7,22 with an average push per minute of 
3,61±0,76. 
The number of FP per minute is always low as described in the table 6, the average FP/minute 
is: 2,17±0,52, knowing that the system makes one decision for each interval of 500 ms thus 2 
decisions by second (with a maximum of 120 per minute). 
The number of push per minute is consistent for all animals (3,61±0,76) and make the results 
more robust. 
   2_5) Study of the signature in off-line experiments 
     2_5_a) Protocol 
Off-line analysis using signature calibrated in different frequency band have been done, the 
aim is to understand if a frequency band in particular is more important than the others. The 
major frequency band of interest is between 50Hz to 300Hz and all signatures are presents 
about 400ms preceding the lever push corresponding to the zero (figure 29).  
The efficiencies of a same signature calibrated in different frequency bands are compared to 
confirm that the band used in our experiments (10-300Hz) is the optimal factor. In the figure 


















Figure 30: The different frequency bands used to calibrate signature (all values are in Hz). 
The black line represents the complete frequency band (10 to 300Hz). The red lines 
correspond to the low frequencies bands used during calibration. And the blue lines show the 
high frequencies bands. 
 
     2_5_b) Results 
 
27 experiments (rat 7) have been treated in off-line analysis with the different signature 
calibrated. The comparison with the results obtained with the complete frequency band: 10-
300Hz (see rat 7 on table 6) permits us to observe the importance of the frequency band used 
during calibration. In a first time, some signatures for the rat 7 have been calibrated in low 


































Table 7: Table represents data for animal 7 for off-line analysis of 27 experiments with 3 different 
signatures calibrated in low frequencies bands: 10-50Hz, 15-45Hz and 25-50Hz. 
 
The results of off-line analysis with the signature calibrated in 15-45Hz show a TPR of 
58,15±5,15 associated with a FP/min of 3,67±1,27, a PPV of 41,51±14,84 and a OP of 
49,83±8,56. 
The results of off-line analysis with the signature calibrated in 10-50Hz show a TPR of 
57,41±4,28 associated with a FP/min of 3,43±1,16, a PPV of 42,48±14,23 and a OP of 
49,95±7,24. 
The results of off-line analysis with the signature calibrated in 25-50Hz show a TPR of 
55,7±3,57 associated with a FP/min of 4,98±1,12, a PPV of 33,06±12,08 and a OP of 
44,38±6,12. 
 
The off-line analysis of 27 experiments with signatures calibrated in low frequencies show 























Table 8: Table represents data for animal 7 for off-line analysis of 27 experiments with 3 different 
signatures calibrated in high frequencies bands: 50-300Hz, 65-300Hz and 150-300Hz. 
 
 
The results of off-line analysis with the signature calibrated in 50-300Hz show a TPR of 
61,6±6,66 associated with a FP/min of 3,71±2,62, a PPV of 46,85±15,81 and a OP of 
54,22±9,85. 
The results of off-line analysis with the signature calibrated in 10-50Hz show a TPR of 
63,66±8,32 associated with a FP/min of 4,05±3,23, a PPV of 45,91±16,48 and a OP of 
54,79±10,59. 
The results of off-line analysis with the signature calibrated in 25-50Hz show a TPR of 
60,82±8,36 associated with a FP/min of 4,36±3,05, a PPV of 43,34±17,12 and a OP of 
52,08±10,2. 
 
The off-line analysis of 27 experiments with signatures calibrated in high frequencies show 
poorer results than results obtained with complete signature (10-300 Hz, see results in table 6 






These off-line results (see table 7 and 8) demonstrate that the signature used must be 
calibrated in the frequency band: 10 to 300 Hz. The others bands used, have shown less 
efficiency. The use of high frequency band (65-150 or 150-300 or 50-300 Hz) illustrates that 
the weight of the high frequencies are very important (the TPR is higher for high frequencies 
than for low frequencies), but the use of low frequencies is necessary to obtain high TPR and 
low FP/min. 
The best parameters for the signature are the use of the frequency band 10 to 300 Hz for the 
calibration. In conclusion, all future experiments will be done with signatures calibrated in 
using the frequency band 10-300 Hz. 
 
   2_6) Use of the signature on-line to control an external effector 
The aim of the next phases is to test the efficiency of the signature in real time close-loop 
experiments.  
     2_6_a) First protocol 









Figure 31: Schematic representation of this protocol. Within the experimental set-up, the lever is 
disconnected and the ECoG is recorded, the online ECoG data processing provides the correlation 
coefficient for all electrodes and thus the detection of the signature which activated the reward 
delivery. 
 
     2_6_b) Results of the first protocol 
After several rewards obtained by detection of the signature (without pushing the lever) the 





below shows the results for one experiment (for a total of 69 experiments, on 10 rats, see table 














Figure 32: Histograms of the number of TP, FP and events every 2minutes during an experiment of 
40 minutes. 
 
The animal pushes the lever at the beginning of the experiments (11 pushes in 8 minutes), and 
stop to push in the following minutes (1 push in 8 minutes). Four news pushes are observed in 
the next 8 minutes and at the end of the experiments the rat had pressed 12 times in 14 
minutes. The modification in behaviour of the animals is observed for all animals. 



































  TPR (%) FP/min FPR(%) PPV(%) OP(%) Push/minute 
Rat1 (n=2) 35,71±50,51 3,39±0,07 2,83±0,06 1,91±2,70 18,81±26,60 0,15±0,06 
Rat2 (n=2) 46,67±18,86 3,78±0,38 3,16±0,32 2,63±0,10 24,65±9,48 0,23±0,06 
Rat3 (n=2) 37,50±17,68 3,80±0,17 3,17±0,15 1,27±0,28 19,39±8,70 0,16±0,11 
Rat4 (n=2) 50,79±8,98 3,04±0,21 2,54±0,18 4,37±0,80 27,58±4,89 0,27±0,02 
Rat5 (n=4) 29,54±8,68 2,78±0,46 2,32±0,38 3,05±1,45 16,30±4,05 0,32±0,17 
Rat6 (n=2) 25,60±10,94 2,78±0,21 2,32±0,17 3,38±2,50 14,49±4,22 0,47±0,46 
Rat7 (n=15) 39,54±10,41 3,62±1,08 3,05±0,91 12,75±7,31 26,14±5,36 1,43±0,98 
Rat8 (n=15) 25,50±7,71 3,37±1,81 2,84±1,52 13,01±11,53 19,26±7,36 1,35±0,78 
Rat9 (n=15) 30,62±5,12 2,56±0,73 2,15±0,61 8,53±3,42 19,57±3,28 0,77±0,33 
Rat10 (n=10) 40,25±14,65 3,00±1,47 2,51±1,23 7,52±6,06 23,89±8,79 0,50±0,28 
Average 10 rats (n=69) 36,17±8,53 3,21±0,44 2,69±0,37 5,84±4,37 21,01±4,33 0,57±0,47 
Average rats 7-8-9-10 
(n=55) 39,54±7,15 3,62±0,46 3,05±0,4 12,75±2,83 26,14±3,36 1,43±0,45 
 
Table 9: Results for all animals for the data of on-line analysis of behavioural experiments in which 
pellet are obtained by, only, the detection of the signature in real time (signature calibrated and 
detected on electrode E15). 
 
The on-line experiments with rat1 show a TPR of 35,71±50,51 associated with a FP/min of 
3,39±0,07 and a PPV of 1,91±2,7. The OP for this animal is 18,81±26,60 and the push per 
minute is 0,15±0,06. 
The on-line experiments with rat2 show a TPR of 46,67±18,86 associated with a FP/min of 
3,78±0,38 and a PPV of 2,63±0,1. The OP for this animal is 24,65±9,48 and the push per 
minute is 0,23±0,06. 
The on-line experiments with rat3 show a TPR of 37,5±17,68 associated with a FP/min of 
3,8±0,17 and a PPV of 1,27±0,28. The OP for this animal is 19,39±8,7 and the push per 
minute is 0,16±0,11. 
The on-line experiments with rat4 show a TPR of 50,79±8,98 associated with a FP/min of 
3,04±0,21 and a PPV of 4,37±0,80. The OP for this animal is 27,58±4,89 and the push per 





The on-line experiments with rat5 show a TPR of 29,54±8,68 associated with a FP/min of 
2,78±0,46 and a PPV of 3,05±1,45. The OP for this animal is 16,30±4,05 and the push per 
minute is 0,32±0,17. 
The on-line experiments with rat6 show a TPR of 25,60±10,94 associated with a FP/min of 
2,78±0,21 and a PPV of 3,38±2,50. The OP for this animal is 14,49±4,22 and the push per 
minute is 0,47±0,46. 
The on-line experiments with rat7 show a TPR of 39,54±10,41 associated with a FP/min of 
3,62±1,08 and a PPV of 12,75±7,31. The OP for this animal is 26,14±5,36 and the push per 
minute is 1,43±0,98. 
The on-line experiments with rat8 show a TPR of 25,50±7,71 associated with a FP/min of 
3,37±1,81 and a PPV of 13,01±11,53. The OP for this animal is 19,26±7,36 and the push per 
minute is 1,35±0,78. 
The on-line experiments with rat9 show a TPR of 30,62±5,12 associated with a FP/min of 
2,56±0,73 and a PPV of 8,53±3,42. The OP for this animal is 19,57±3,28 and the push per 
minute is 0,77±0,33. 
The on-line experiments with rat10 show a TPR of 40,25±14,65 associated with a FP/min of 
3,00±1,47 and a PPV of 7,52±6,06. The OP for this animal is 23,89±8,79 and the push per 
minute is 0,50±0,28. 
 
The results for the 10 animals show an average percentage of TPR of 36,17±8,53 with 
3,21±0,44 FP/min and a PPV of 5,84±4,37. The OP average for all animals is 21,01±4,33 with 
an average push per minute of 0,57±0,47. 
All animals show a very low push per minute making it very difficult to interpret these results, 
in particular the six first rats with low push/min and only 2 experiments done per animals. 
In the table 9, the average for the animals 7, 8, 9 and 10 is mentioned. The TPR is 39,54±7,15, 
the FP/min 3,62±0,46, the PPV 12,75±2,83, the OP 26,14±3,36 and the push per minute 
1,43±0,45. 
 
     2_6_c) Second protocol 
To check signature efficiency, on-line experiments in which rats obtain a reward if signature 
is detected and if detection is confirmed by a lever push within 1.5 seconds. In this 





pushing the lever to have reward without behavioural changes observed previously (the lever 










Figure 33: schematic representation of this phase of the protocol. A reward is obtained when the 
signature is detected on-line (1) and validated by lever push (2). The reward is delivered only when the 
detected feature is validated by a real lever push occurring within 1,5 second window following the 
feature detection. 
 
     2_6_d) Results 
To analyze these different experiments, the same efficiency parameters have been evaluated, 




TPR FP/min FPR PPV OP Push/min 
Rat1 (n=13) 36,65±13,8 1,48±0,27 1,27±0,23 43,89±13,31 40,27±12,43 3,50±1,18 
 
Table 10: Average data for one animal (Rat1) in on-line analysis of experiments. The signature 
(calibrated on electrode E15) has been detected in real-time (detected on E15). 
 
Results of table 10 indicate for one animal (rat1) a TPR of 36,65±13,8 in these asynchronous 
experiments associated with low percentage of FP per minute of 1,48±0,27, a PPV of 
43,89±13,31 and the OP of 40,27±12,43. The push per minute is 3,5±1,18. 
This protocol has been realized in 10 animals and all detailed results are presented in table 11. 







TPR FP/min FPR PPV OP Push/min 
Rat1 (n=13) 36,65±13,8 1,48±0,27 1,27±0,23 43,89±13,31 40,27±12,43 3,50±1,18 
Rat2 (n=13) 19.25±15 1.94±0.47 1.67±0.4 22,69±14.5 20,97±14.5 3,45±1,13 
Rat3 (n=13) 22.49±16.05 1.91±0.44 1.63±0.38 23.71±17.07 23.1±15.99 3,04±0,94 
Rat4 (n=13) 35.64±17.18 1.55±0.42 1.33±0.36 40.56±17.73 38.1±16.44 3,38±1,27 
Rat5 (n=14) 50.26±13.77 1.46±0.32 1.25±0.28 50,74±12.68 50,50±11.30 3,21±0,99 
Rat6 (n=15) 39.87±19.04 1.31±0.74 1,11±0.63 34,42±16.43 37,14±16.03 1,73±0,93 
Rat7 (n=13) 39,47±7,24 1,24±0,57 1,07±0,48 57,65±17,04 48,56±10,7 4,51±1,74 
Rat8 (n=22) 39,51±5,77 1,76±0,88 1,51±0,74 47,21±20,72 43,36±11,40 3,65±1,48 
Rat9 (n=24) 44,63±8,24 2,33±1,09 1,99±0,93 37,76±22,19 41,19±12,92 3,07±1,91 
Rat10 (n=20) 38,92±6,32 2,70±0,87 2,30±0,74 29,83±18,91 34,38±11,69 2,85±1,45 
Average 10 rats 
(n=172) 36,67±9,34 1,77±0,47 1,51±0,4 38,85±11,48 37,76±9,64 3,24±0,7 
 
Table 11: Average data for each animal for on-line analysis of experiments. The signature (calibrated 
on electrode E15) has been detected in real-time (detected on E15).  
 
Results for the rat1 are the same in table 10 and 11. 
Results for the rat2 indicate a TPR of 19.25±15 in these asynchronous experiments associated 
with low percentage of FP per minute of 1.94±0.47, a PPV of 22,69±14.5 and the OP of 
20,97±14.5. The push per minute is 3,45±1,13. 
Results for the rat3 indicate a TPR of 22.49±16.05 in these asynchronous experiments 
associated with low percentage of FP per minute of 1.91±0.44, a PPV of 23.71±17.07 and the 
OP of 23.1±15.99. The push per minute is 3,04±0,94. 
Results for the rat4 indicate a TPR of 35.64±17.18 in these asynchronous experiments 
associated with low percentage of FP per minute of 1.55±0.42, a PPV of 40.56±17.73 and the 
OP of 38.1±16.44. The push per minute is 3,38±1,27. 
Results for the rat5 indicate a TPR of 50.26±13.77 in these asynchronous experiments 
associated with low percentage of FP per minute of 1.46±0.32, a PPV of 50,74±12.68 and the 
OP of 50,50±11.30. The push per minute is 3,21±0,99. 
Results for the rat6 indicate a TPR of 39.87±19.04 in these asynchronous experiments 
associated with low percentage of FP per minute of 1.31±0.74, a PPV of 34,42±16.43 and the 





Results for the rat7 indicate a TPR of 39,47±7,24 in these asynchronous experiments 
associated with low percentage of FP per minute of 1,24±0,57, a PPV of 57,65±17,04 and the 
OP of 48,56±10,7. The push per minute is 4,51±1,74. 
Results for the rat8 indicate a TPR of 39,51±5,77 in these asynchronous experiments 
associated with low percentage of FP per minute of 1.94±0.47, a PPV of 47,21±20,72 and the 
OP of 43,36±11,40. The push per minute is 3,65±1,48. 
Results for the rat9 indicate a TPR of 44,63±8,24 in these asynchronous experiments 
associated with low percentage of FP per minute of 2,33±1,09, a PPV of 37,76±22,19 and the 
OP of 41,19±12,92. The push per minute is 3,07±1,91. 
Results for the rat10 indicate a TPR of 38,92±6,32 in these asynchronous experiments 
associated with low percentage of FP per minute of 2,70±0,87, a PPV of 29,83±18,91 and the 
OP of 34,38±11,69. The push per minute is 2,85±1,45. 
In these on-line experiments, the average percentage of TP for all rats is: 36,67±9,34. The 
number of FP per minute is always low, the average FP/minute is: 1,77±0,47. The average of 
PPV is 38,85±11,48 and the average OP 37,76±9,64. The average push per minute is 
3,24±0,7. 
 
   2_7) Random detection analysis 
     2_7_a) Protocol 
With a mathematical method, experiments are analyzed to estimate efficiency parameters with 
random detection. All the results are shown in the table 12. 
Our random analyses generally correspond to the case when given numbers of events and of 
decisions are randomly distributed through the recordings.  
The aim is to check if our results are totally random or in contrary statistically significant. 
These random detection analysis have been done for 6 rats for off-line analysis (105 













 TPR random (%) TPR (%) Ratio TPR /TPR random 
Off-line Rat 1 (n=16) 3,53 67,99 19,26 
Off-line Rat 2 (n=16) 2,79 68,95 24,71 
Off-line Rat 3 (n=16) 2,26 65,23 28,86 
Off-line Rat 4 (n=16) 2,06 64,19 31,16 
Off-line Rat 5 (n=12) 3,9 77,95 19,99 
Off-line Rat 6 (n=29) 2,6 64,44 24,78 
Average (n=105) 2,86±0,72 68,06±5,05 24,66±4,31 
 
 
TPR random (%) TPR (%) Ratio TPR /TPR random 
On-line Rat 1 (n=13) 1,33 36,65 27,56 
On-line Rat 2 (n=13) 1,2 19,25 16,04 
On-line Rat 3 (n=13) 1,03 22,49 21,83 
On-line Rat 4 (n=13) 1,41 35,64 25,28 
On-line Rat 5 (n=14) 1,46 50,26 34,42 
On-line Rat 6 (n=15) 0,73 39,87 54,62 
Average (n=81) 1,19±0,28 34,03±11,48 29,96±13,53 
   
Table 12: Table represents the data for off-line and on-line analysis of experiments. The values of 
percentage of True Positive are indicated. The signature has been detected in a randomly manner for 
the TPR random.  
 
The results in table 12 indicated a very low percentage of TP in case of random detection. In 
comparison with our results with real detection concerning 6 animals (off-line or on-line), in 
average the random detection is 24.66 times lower for off-line experiments and 29.96 times 
lower for on-line. 
This comparison with random detection demonstrates that our results of off-line and mainly 
on-line experiments are not randomly.  
   2_8) Neuroplasticity 
 
     2_8_a) Protocol 
















Figure 34: Schematic representation of the protocol of neuroplasticity. A reward is obtained when the 
signature is detected on-line (1) and validated by lever push (2). The reward is delivered only when the 




The experiments to test the possibilities of neuroplasticity in rodents can be divided in two 
groups, both are included in on-line experiments (see figure 35). 
The first is to choose different electrodes to be used to detect the signature calibrated on the 
most optimal electrode (with the best score of wavelets correlation, as explain in the 
paragraph “2) Identification and calibration of a signature”).  
The second group of neuroplasticity experiments is to try to change the area for 
identify/calibrate the signature, this is not the most optimal electrode which is used like before 
but others electrodes to calibrate.  
The first aim is to observe if it's possible to detect the optimal signature in a different area 
than the area where the signature has been identified (see figure 35). A second aim is to see if 
it's possible to detect the signature not optimal and to observe the modification of this 




























Figure 35: Schematic representation of the protocol of neuroplasticity. A reward is obtained when the 
signature is detected on-line on Electrode 15 in a first set of experiments, on E11 in a second set and 
on E10 in a last session of experiments. The reward is delivered only when the detected feature is 
validated by a real lever push occurring within 1,5 second window following the feature detection. 
The signature is calibrated on Electrode 15 for one set of experiments and on Electrode 10 or 11 for 
others sets. 
     2_8_b) Results 
 
The table 13 shows all the results obtained for the study of the neuroplasticity in using 
Electrode 11 for the detection; The TPRs are lower than the previous studies. The use of a 
different electrode to detect the signature calibrated on the optimal electrode (the signature 
calibrated on electrode 15 is detected on-line by electrode 10 or 11, for E10 data are not 
shown) is less efficient that the detection by the electrode which has been used for calibration 
(electrode 15, see table 11). 
 
 
Detection on E15 
            or 
Detection on E11 
          or 






TPR FP/min FPR PPV OP Push/min 
Rat1 (n=10) 16,47±3,64 2,29±0,84 1,94±0,72 13,13±6,18 14,80±4,14 1,93±0,52 
Rat2 (n=10) 11,69±2,66 2,30±0,88 1,96±0,76 11,06±4,33 11,37±2,54 2,44±1,08 
Rat3 (n=10) 9,24±1,50 1,94±0,33 1,65±0,29 9,96±2,79 9,60±1,98 2,28±0,45 
Rat4 (n=10) 14,74±1,62 2,25±0,61 1,92±0,52 16,62±6,57 15,68±3,57 2,90±0,84 
Rat7 (n=15) 13,85±4,95 1,55±0,67 1,32±0,57 23,29±8,96 18,57±5,70 3,28±1,27 
Rat8 (n=15) 14,15±3,72 3,09±1,37 2,64±1,17 12,31±7,65 13,23±4,58 2,75±1,47 
Rat9 (n=15) 21,51±7,62 2,07±0,59 1,77±0,51 20,50±11,03 21,01±8,62 2,46±1,34 
Rat10 (n=12) 19,20±7,29 3,32±1,24 2,83±1,06 14,86±11,98 17,03±9,24 2,83±1,91 
Average 8 rats 
(n=97) 15,11±3,93 2,35±0,59 2,00±0,5 15,22±4,67 15,16±3,75 2,61±0,42 
 
Table 13: Table represents the data for each animal ( 8rats) for on-line analysis of experiments of 
neuroplasticity (signature calibrated on E15 and detection on E11, see figure 35).  
 
The results of table 13 indicate for rat1 a TPR of 16,47±3,64 in these asynchronous 
experiments associated with low percentage of FP per minute of 2,29±0,84, a PPV of 
13,13±6,18 and the OP of 14,80±4,14. The push per minute is 1,93±0,52. 
The results of table 13 indicate for rat2 a TPR of 11,69±2,66 in these asynchronous 
experiments associated with low percentage of FP per minute of 2,30±0,88, a PPV of 
11,06±4,33 and the OP of 11,37±2,54. The push per minute is 2,44±1,08. 
The results of table 13 indicate for rat3 a TPR of 9,24±1,50 in these asynchronous 
experiments associated with low percentage of FP per minute of 1,94±0,33, a PPV of 
9,96±2,79 and the OP of 9,60±1,98. The push per minute is 2,28±0,45. 
The results of table 13 indicate for rat4 a TPR of 14,74±1,62 in these asynchronous 
experiments associated with low percentage of FP per minute of 2,25±0,61, a PPV of 
16,62±6,57 and the OP of 15,68±3,57. The push per minute is 2,90±0,84. 
The results of table 13 indicate for rat7 a TPR of 13,85±4,95 in these asynchronous 
experiments associated with low percentage of FP per minute of 1,55±0,67, a PPV of 
23,29±8,96 and the OP of 18,57±5,70. The push per minute is 3,28±1,27. 
The results of table 13 indicate for rat8 a TPR of 14,15±3,72 in these asynchronous 
experiments associated with low percentage of FP per minute of 3,09±1,37, a PPV of 





The results of table 13 indicate for rat9 a TPR of 21,51±7,62 in these asynchronous 
experiments associated with low percentage of FP per minute of 2,07±0,59, a PPV of 
20,50±11,03 and the OP of 21,01±8,62. The push per minute is 2,46±1,34. 
The results of table 13 indicate for rat10 a TPR of 19,20±7,29 in these asynchronous 
experiments associated with low percentage of FP per minute of 3,32±1,24, a PPV of 
14,86±11,98 and the OP of 17,03±9,24. The push per minute is 2,83±1,91. 
In these on-line experiments of neuroplasticity, the average percentage of TP for all rats is: 
15,11±3,93. The average FP/minute is: 2,35±0,59. The average of PPV is 15,22±4,67 and the 
average OP 15,16±3,75. The average push per minute is 2,61±0,42. 
 
This protocol shows us that a signature identified in an area of the brain can be detected in 
another area of the brain in real time to control an effector but with lower efficiency 
(15,11±3,93 of TPR with electrode 11 versus 36,67±9,34 of TPR with electrode15, see table 
11). Two different electrodes have been used to test this aspect of neuroplasticity (Electrode 
11 and Electrode 10). The electrode 11 gives a better result than Electrode 10 (data not 
shown), but it’s possible to detect in real-time the signature calibrated in electrode 15 
implanted on the cerebellum. 
 
Others aspects of the neuroplasticity are the evolution along time of the parameters, see the 
figure 36. During 2 months, 8 animals have realized on-line experiments in which the 
signature calibrated on electrode 15 has been detected in real-time by the electrode 11 (in a 
different area of the brain). The TPR, the FP/min, the PPV and the OP are described for 8 
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Figure 36: Represents the evolution along time of data for all animals for on-line analysis of 
experiments of neuroplasticity (signature calibrated on E15 and detection on E11, see figure 35). A: 
evolution of the TPR of 8 animals. B: evolution of PPV of 8 animals. C: evolution of FP/minute of 8 





As we can see, there are variations along time for these four parameters. Concerning the TPR 
(figure 36A), a small increase is observed for the animal 9 and 10. For the 6 others animals, 
the TPR remained steady along time with daily variations. The PPV for all animals have 
presented more variation from one experiment to the other, see figure 36B. The evolution of 
FP/min is stable for 6 animals and shows bigger variations for the rat 8 and 10. The last 
parameter, the OP, is the average of TPR and PPV, which explains the variations observed 
due to changes in PPV. 
 
3_Histological observations  
 
All animals used in the experimental behavioural tasks, have been euthanazied at the end of 
the protocols and the brain have been observe to validate and confirm the locus of implanted 
electrodes. The principal cause or argument to finish a protocol is the old age of animals 
(around 1 year of implantation and around 2 years for the age, near the life expectancy of this 
animal model). 
   3_1) Histological procedure and preparation 
In a first time, macroscopic analyses have been done. In the figure 37, brains are shown and 
the prints of the screws are observable on the cortex surface. 
 
                     
 
 
Figure 37: Pictures of two brains after 8 months of implantation and footprint corresponding 






These macroscopic observations permit us to check that electrodes used for our BCI are well-
implanted as provided by the implantation map (the picture in the center of the figure 37). 
Two electrodes (2 and 9) are implanted in anterior of the Bregma, three pairs between Bregma 
and Lambda (3 and 10, 4and 11, 6 and 13), two electrodes on each temporal side (5 and 7 on 
left and 12 and 14 on right), and two electrodes on posterior, see electrodes 8 and 15 on 
cerebellum (figure 37). This verification is done for all animals (n=10). 
In a second time, some histological stainings have been realized (crésyl or Rouge Neutre or 
hematoxyline) to validate that the brains at the end of the protocols (implantation and several 
months of behavioural experiments) have no important problem of degeneration due to the 
screws which could disturb or block the recordings of brain activities. The results are 
presented in figure 38 and 39. 
 
   3_2) Histological results 
 
The brains were sliced (30µm) and the prints of the screws are easily observables on the sides 
of the brains. In the figure 38, we have compared the slices of a brain with the atlas of rat in 
order to check that electrodes have recorded the areas of the brain provided. 
These observations on brains give us the confirmation (after macroscopic analysis, see figure 
37) that the electrodes have been correctly implanted according to what was planned. In 
comparing the atlas slices and our slices of brain (with the footprints of screws), the 
electrodes 2 and 9 are in anterior position of the Bregma (in blue in figure 38). The electrode 
3 and 10 are just in posterior position of the Bregma (in red in figure 38). The electrodes 4 
and 11 are in the middle of the brain (in green in figure 38). The electrodes 6 and 13 are on 
posterior side of the brain, just anterior of Lambda (in black in figure 38). And to finish, the 
most posterior electrodes, 8 and 15, are implanted posteriorly of the lambda: on the 





























Figure 38: Comparison of the brain slices (stained with cresyl violet) with atlas (sagittal and coronal 
slices) and the implantation map provided. A: slice of the brain with footprints of electrodes 3 and 10 
(in red). B: slice of the brain with electrodes 4 and 11 (in green). C: slice of the brain with footprints of 
electrodes 6 and 13 (in black). D: slice of the cerebellum with electrodes 8 and 15 (in orange). 
 
The other aspect studied, by histological experiments, has been to check the neurons by 
staining the Nissl bodies (rough endoplasmic reticulum) and to confirm that the brain and the 
cellular components, more precisely, haven’t problems of degeneration or phenomena of 
necrosis. 
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Figure 39:  Crésyl violet coloration for identification of Nissl bodies inside neurons. A: with 10X, B: 






As we can see in figure 39, the neurons are numerous and their general shapes show no 
problems. They are in front of a footprint of electrode indicating that the screw has well 
recorded some neural activities. 
The observations of several slices after cresyl violet colorations (figure 39) permitted us to be 
sure that the brains of all animals at the end of these long protocols presented no important 
cellular problems, or problems of tumor and these conclusions are important for the validation 
of this ECoG model in rats and all the behavioural experiments and the BCI experiments, and 





In this model (rat OFA), several phases have been necessary to check that the brain activity 
identified is really a modification of the brain signals in correlation with the task and to 
evaluate the efficiency of our BCI model.  
Rodents stayed in a behavioural box and have been trained to push on a lever to deliver a 
reward, experiments duration is around 40 minutes. The task is an asynchronous paradigm 
(which is not used in most experiments) and this is an important point for its proximity with 
the natural environment necessary for the future applications of BCI. ECoG brain activities 
are recorded during behavioural studies by seventeen screws implanted through the bone to 
record cortical signals, including 3 reference electrodes. Some tests have been done to verify 
the acquisition chain before each experiments, others tests to verify the functional localization 
of the electrodes (VEP and SEP). The largest SEP and VEP are mostly visible on electrodes 6 
and 13 and this colocalization is known in bibliography [117]. 
Several experiments on several rats (n=10) have been realized during several months (around 
1 year of implantation) and the brain signals recorded have been analyzed. The number of 
pushes increases along time until to obtain 1 push per minute which is a necessary parameter 
to start the analyses of the ECoG signals recorded. The results showed that electrodes 8 and 
15 in the cerebellar area are mostly involved in the task performed by the rat and that 
correlation was maximal around 572±207 ms before the lever push and a frequency band of 





identified brain signals well correlated with the intention to push the lever (572±207 ms 
preceding the lever), this brain signals modification have been called signature. The signature 
can be represented by several factors, two are most influents: the frequency factor (band 
between 50Hz and 300Hz) and the temporal factor (around 400ms before to push the lever). 
For each animal several signatures have been identified. The off-line analysis permitted to 
choose the better signature for each animal. In off-line analysis, the Overall Performance 
(OP), which corresponds to the mean of True Positive Rate and Positive Predictive Value 
(PPV) is around 59,55%±7,22 (206 experiments). This parameter permits to represent the BCI 
performances more precisely than only the TPR (number of TP relative to the number of lever 
push, thus relative to the behavioural task, this parameter is the more used in BCI studies) 
because it integrates the PPV which corresponds to the number of TP relative to the total of 
signatures detected. The number of FP per minute is low, 2,17±0,52, and it's an important 
result in view of use of these signatures in real-time experiments, and especially in 
asynchronous experiments (fewer in BCI studies for the moment). The best parameters for the 
signature are the use of the frequency band 10 to 300 Hz for the calibration, several off-line 
experiments have been done to show that (best efficiency of the signature in our BCI 
compared at others frequency bands tested, see “2_5) Study of the signature in off-line 
experiments”). 
Our self-paced BCI performs continuous monitoring of neuronal activity. In particular the 
decision is made two times per second (decision rate 2Hz), 120 per minute or 7200 decisions 
per hour. This is why self-paced BCI requires a high level of classification (events/non-
events) accuracy. In our experiments the overall accuracy (AO = percentage of correct 
decision) reaches 97.3% in average through all the experiments, from 96.1% up to 99.3%. At 
the best experiment (AO=99.3%) the 42 errors (22 FP and 20 FN) were made among 6174 
decisions. Let us note that AO cannot be efficiently used to characterize BCI performance in 
case of self-paced experiments because of non-equilibrated classes. 
Two kinds of on-line studies have been done: the control of the dispenser directly by cortical 
activity or by the combination of motor task (push the lever) and detection of the signature. In 
studies of direct control by the detection the OP was 21,01%±4,33 (10 animals 69 
experiments) but the number of push per minute fell to 1,43±0,45 making more difficult the 
interpretation of these results. Some FP in this case could be in real some TP but animals have 





of the cup receiver. In the lack of some lever push some detections are classified in FP but 
could correspond to a real intention to push the lever by the animals. 
That’s why the experiments, more complicated, requiring both lever activation and signature 
detection have been realized. The OP, in this case, is 37,76%±9,64 with a number of push 
which increased back to 3,24±0,7. The comparison with random detection permitted us to be 
sure that these results are not random (around 25-30 fold more than random analysis). 
There are differences between the animals and the maximal percentage of TP obtained is 
85%. The results obtained in these on-line asynchronous experiments indicated that these 
signatures are well implicated in this intention to push lever to obtain pellets. 
In the BCI studies, results are often compared to the random classification. In the case of 
synchronized two class BCI, Bernoulli trials with equal probabilities of classes p=0.5 are 
applied as the bases for the comparison. The expected correct classification for random 
classifier is then 50%. This difference between synchronous and asynchronous experiments is 
very important for the future BCI because asynchronous situation is closer of natural 
environment necessary in human applications, but this kind of experiments is more difficult 
concerning the FP corresponding to false detection.  
The main feature of this report is the demonstration that neural activity continuously recorded 
at the level of one single cortical electrode can be efficiently used to pilot an effector with one 
degree of freedom (DOF), during experiments up to 1 hour, in a freely moving individual 
making decisions in a random unsupervised manner. The specific signature detected in one 
animal is stable along time. This means that when the signature has been established by the 
self-learning algorithm during the calibration sequence, it is not necessary to recalibrate 
during subsequent experimental sessions, even if they are performed on different days, even 
over a period of up to 8 months in our model. This stability is partly due to the fixed situation 
of the implanted ECoG electrodes corresponding to the various functional cortical areas. In 
spite of the recent important advances in the BCI field, some issues still need to be solved. 
First, the relative advantages and disadvantages of the different signal acquisition methods are 
still unclear. Their clarification will require further animal studies. Our studies demonstrated 
that this ECoG model was stable along time and could be used for on-line detection during 8 
months of implantation. Second, invasive methods need further investigation to deal with 
tissue damage, risk of infection, and long-term stability concerns. In our study, all the brains 
of all animals have been observe at the end of the experimental protocols in order to check 





neurodegenerative process is observed on these brains even after 1 year of implantation on rat. 
Our model of ECoG on rats showed a good quality of signal during a period of 8 months after 
implantation and can serve as a model for others behavioural tasks or others protocols 
requiring ECoG. 
One of the most intriguing features of these experiments is that the area which seems 
prominently concerned by the execution of the motor task is the cerebellar area and not the 
central, motor and sensorimotor, areas which would be expected, as in human beings. 
Looking at the gross structure of the rodent brain, it in fact makes sense, as the folded 
cerebellar cortex is probably more able to handle the function of global control of movement 
as compared to the practically flat cerebral cortex. The cerebellar activity plays a major role in 
the motor activity of rodents, most of it being controlled by the coordination function of the 
cerebellum. In humans, the relative size of cerebellum, similarly folded, is much smaller, as 
compared to the predominant cerebral cortex, itself significantly folded. Motricity in rats is 
more globally postural as the outreaching movement of the forepaw is accompanied by an 
uprising of the body towards the lever area, every voluntary movement must be initiated upon 
a background of posture. It must be stressed that we deliberately concentrated on the time 
period preceding the lever push because we were interested in the ECoG activities related to 
the preparation and initiation of movement (maybe intention of action). Looking for 
prediction of movements our algorithm found mostly ECoG activity with negative delays in 
the cerebellum, preceding the activity in the central motor area.    
These experiments demonstrate the feasibility of self-paced BCI command of effectors in 
freely moving rodents performing an asynchronous behavioural task, over long periods of 
time. They also shed light on the cortical mechanisms and structures involved to initiate and 
control motor activity. The performance of this detection algorithm now meets the criteria 
required for its extension into long term clinical application, such as compensation of motor 
deficits using BCI driven multiple axis exoskeletons. To reach this goal, complementary 
experimental steps have been undertaken in rodents and in primates and are currently in 
progress, to make the human implantation of the first prototype possible within a reasonable 
delay. In rodents, it is important to study the aptitude of the cortex for neuroplasticity, 
evaluated in terms of changes in the specificity of the signature along training time, as well as 
the possibility to train other cortical sites (corresponding to other electrodes) to achieve a task 
similar to the one using the original best electrode. This would suggest the possibility to 





In our study, we have investigated the possibility to identify the signature (intention of action) 
in a different area of the brain where this signature is physiologically observed (data not 
shown). 
 A second aspect of our neuroplasticity study has been to demonstrate that the signature, once 
identified on cerebellum, can be detected in real-time in other areas of the brain.  
Our results showed an OP of 15,16%±3,75 in 97 experiments done on 8 rats. These results 
showed that brain activities correlated with behavioural task identified firstly in cerebellum 
can be detected in a different area of the brain. Concerning these neuroplasticity studies, it 
should be noted that the evolution of the different parameters does not highlights some 
increases or ameliorations along time in these 8 animals. Some variations are observed but not 
tendency to increase. The different phases used in all these studies are very long and the study 
of neuroplasticity began after 6 months of implantation, which is the time necessary to train 
the animals, identify the signature and realize on-line asynchronous experiments to check this 
BCI model. Maybe the possibility to observe some evolutions of the parameters, translating 
neuroplasticity, is not optimal in old animals. But these results are a first step, showing that 
changing the area of detection is effective and further experiments will have to investigate the 
possibility of neuroplasticity more precisely. 
These two important points are keys for futures BCI application with several degrees of 
freedom. The use of only one electrode for the detection of a signature is more difficult than 
using several electrodes but it will permit in the future to use several electrodes for the 
detection of several signatures. The demonstration that this is feasible is very important in the 
view of human BCI with several degrees of freedom (one degree of freedom per electrode). 
This was a first step, done on 8 rats which must be more investigated in primates for the 
applications of BCI which requires the possibility to change or modulate the electrode of 
interest (detection or identification). 
The present study prepares the clinical application of BCI systems to compensate motor 
deficits. Success with one DOF suggests feasibility for applications using more DOFs.  
Future experimentation will be aimed at exploring the neuroplasticity resulting from training 
and reward based feedback, in order to improve the selectivity of the detection (increasing TP, 
decreasing FP). The long term goal of the project is to drive more than one DOF using more 
than one electrode, or a combination of electrodes. Piloting a 3D robotized hand is in progress 





This work is a determining first step towards a larger program aiming at providing a certain 
level of mobility to young cervical spinal-cord injured patients with tetraplegia. The latest 
advances in BCI research suggest that innovative developments may be forthcoming in the 
near future. These achievements and the potential for new BCI applications have obviously 
given a significant boost to BCI research involving multidisciplinary scientists e.g., 
neuroscientists, engineers, mathematicians, and clinical  rehabilitation specialists, among 
others. Interest in the BCI field is expected to increase and BCI design and development will 
in all probability continue to bring benefits to the daily lives of disabled people. Furthermore, 
recent commercial interest within certain companies suggests that BCI systems may find 
useful applications in the general population, and not just for people living with severe 
disabilities. In the near future, BCI systems may therefore become a new mode of human-
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BCI: Brain-Computer Interface 
SCI: Spinal Cord Injury  
EEG: ElectroEncephaloGraphy 
ECoG: ElectroCorticoGraphie 
CNS: Central Nervous System 
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BI: Brain Interface 
DBI: Direct Brain Interface  
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MI: primary motor cortex  
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OFA: Oncins France strain A  
RMS: Root Mean Square 
VEP: Visual Evoked Potential 
SEP: Sensitive Evoked Potential 
CAR: Common Average Reference 
CWT: Continuous Wavelet Transform 
TP: True Positive 
TN: True Negative 
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TPR: True Positive Rate 
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